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1 Introduction

In recent years, there has been a growing interest in autonomous systems, leading to rapid advancements in
vehicle automation. As part of this trend, the project, titled “Can U-Turn”, focuses on developing an autonomous
Remote Controlled (RC) car capable of navigating a U-shaped track without any manual control. The goal is to
create a fully self-driving system that serves not only as a technical challenge but also as a learning platform. The
system will incorporate multiple aspects of autonomy, such as the car’s localization, control, and management

of the vehicle dynamics.

The report outlines the background of the project and the organizational structure of the team. It defines the
project scope and the requirements that the final product has to meet. The results of the State Of The Art (SOTA)
analysis are then summarized, followed by the concept design process. The report concludes with a reflection on
the work carried out during the spring and then planned activities for the fall semester. Together, these sections
provide a comprehensive overview of the development and design process involved in creating an autonomous
RC car.

1.1 Background

This project is carried out within the scope of the Capstone Course for the Mechatronics master’s programme
at KTH Royal Institute of Technology in Stockholm. The course consists of 18 credits, 3 of which are allocated
for the spring semester, during which the planning and SOTA analysis, together with parts of the system design,
are performed. The remaining 15 credits are allocated for the fall semester, during which the project will be

completed.

The stakeholder for this project is CanEduDev, a forward-thinking technology company focused on transforming
how students learn the Controller Area Network (CAN) protocol. They have developed custom DevKits and
rovers designed specifically for education, helping bridge the gap between theory and hands-on experience. The
company created this project specifically for this Capstone Course, with the purpose of giving students practical
knowledge in working with mechanical systems. CanEduDev has developed a RC car that allows for attaching

different components implemented with the CAN communication protocol, which can be seen in Figure [I.1]

Figure 1.1: The RC car that CanEduDev has developed.
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1.2 Organizational Structure

The project team comprises nine members currently enrolled in the mechatronics master’s programme at KTH
Royal Institute of Technology. Each group member comes from a different educational background, leading the

team to have a broad knowledge base that allows for great exchanges of skills.

At the beginning of the term, a project leader was assigned, who organized the meetings and held each member
accountable for their work. It was decided that the project team would meet weekly to review progress and to
determine the next steps the team should take. In addition, weekly meetings with the stakeholders were held to

keep them informed regarding the development of the project.

Initially, every group member conducted individual research regarding the project to determine what the SOTA
could entail. Based on these findings, the team decided to structure the SOTA around four key aspects.
Therefore, the project team decided to divide into four subgroups, where each group focused on one aspect.
These subgroups carried out further reading and then presented their findings to the rest of the team, enabling

the project team to determine together the final concept together.

1.3 Requirements

This section provides an overview of the functional requirements of the stakeholders. The requirements can be

seen below:
¢ The autonomous RC-car must stay within the boundaries of the U-shaped track at all times.
* The autonomous RC-car must stop within the given goal area.

¢ The autonomous RC-car must finish the track within at most 60 seconds.

1.3.1 Test track

The autonomous RC car should be able to drive a U-shape track, as shown in Figure[I.2]

12 m
il mu
4 m
44 m 3 2m
I im
w L —_—
Start Goal area

Figure 1.2: The U-shape track.

The track specifications are:
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* Minimum track width: 2 meters

* Maximum track width: 4 meters

* Track length: 100 meters

* Short part of the U: 12 meters

* Goal area: Last 4 meters of the track
* Two 90-degree turns

The track will be located indoors, with cones marking its borders.
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2 State Of The Art

In order to develop the autonomous RC car, several key components must be addressed. Four essential
areas where identified for the SOTA research: perception, localization, path planning, and path following.
These components form the foundation of any autonomous driving system, enabling the car to understand its
surroundings, determine its position, plan a suitable path, and accurately follow it. Each area was investigated

separately to evaluate current methods and determine the most appropriate solution for our project.

2.1 Perception

In this part of the SOTA, possible solutions for the perception of the autonomous RC car will be presented.
Perception is how the car understands its surroundings. Sensors can be divided into two main categories:
proprioceptive sensors, also called internal state sensors, which measure the internal values of a system such
as angular rate, wheel load, etc., and exteroceptive sensors, also called external state sensors, which capture
information about external values, such as distance measurements and light intensity. Some examples of
proprioceptive sensors are Inertial Measurement Unit (IMU), encoders, inertial sensors such as gyroscopes,
and positioning sensors such as Global Navigation Satellite System (GNSS) receivers. Some examples of
exteroceptive sensors are cameras, Radio Detection and Ranging (Radar), Light Detection and Ranging (LiDAR),

and ultrasonic sensors [/1]].

2.1.1 LiDAR

LiDAR is a sensing method that uses laser pulses to measure distance by calculating the time it takes for the laser
to return after hitting an object. It provides highly accurate distance data and is commonly used for obstacle

detection and mapping in autonomous systems.

LiDAR is particularly effective for precise distance measurement but is limited in recognizing or classifying

objects. It is also relatively expensive compared to other sensing technologies [2].

2.1.2 Stereo and mono camera

Cameras produce clear images of an environment, including information about colour and texture. For an

autonomous vehicle, cameras can help identify road signs, traffic lights, and other objects.

There are two main types of cameras: stereo and mono. A stereo camera uses two cameras to imitate the vision
of animals, making it possible to sense depth using a stereo camera. The stereo camera compares disparities

between points in the left and right images to create a disparity map, which is later converted to a depth map.

Mono cameras utilize a single camera, which is less expensive, but it limits the sensor’s ability to measure
depth. In order to measure depths using a mono camera, it is necessary to perform an Inverse Perspective

mapping (IPM). This involves applying a Homography Matrix, H, which transforms image coordinates (u,v)
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into real-world coordinates (x’,y’), as shown in Equation[2.1]

X u
v | ~H|v @.1)
1 1

Some negatives of using cameras for perception are that the results can vary depending on the weather and that

analysing image data can require significant computational power [1].

2.1.3 Local Positing System

Local Positioning System (LPS) are used to estimate the position of an object within a confined or indoor area
where GNSS, such as Global Positioning System (GPS), are unreliable or unavailable. Unlike GNSS, LPS
relies on a fixed infrastructure of reference points, known as anchors, installed in known positions throughout
the environment. A receiver or tag mounted on the autonomous RC car communicates with these anchors to
determine its position using techniques such as Time of Flight (ToF), Angle of Arrival (AoA), or Received
Signal Strengh Indicator (RSSI) [3].

2.1.4 Radar

Radar is an old method for detecting surrounding objects. The method uses the Doppler property of electro-
magnetic waves to determine the objects’ relative position and speed by emitting a wave and receiving the wave
reflected off the object. There are three major categories of radars for autonomous vehicles: Short-Range Radar,

Medium-Range Radar, and Long-Range Radar []1]].

2.1.5 Ultrasonic sensors

Ultrasonic sensors measure distance by emitting high-frequency sound waves and calculating the time it takes
for the echo to return after bouncing off nearby objects. They are commonly used in close-range applications
due to their low cost and simplicity. In autonomous vehicles, ultrasonic sensors are particularly effective in
detecting nearby obstacles during low-speed maneuvers such as parking. However, their performance can be

affected by environmental conditions and has a limited range compared to other exteroceptive sensors []1]].

2.2 Localization

Localization is fundamental to autonomous navigation. It allows a vehicle to determine its position and
orientation within a known or partially known environment, which is essential for tasks such as path planning,
obstacle avoidance, and control. Modern localization methods vary, from traditional sensor-based techniques

to advanced probabilistic and machine learning models.

At their core, localization methods can be broadly categorized into relative and absolute techniques. Relative
methods, such as odometry, estimate position by integrating motion over time using data from wheel encoders
or IMU. Although low-cost and straightforward, these methods accumulate errors over time, making them

unreliable for long-term navigation without some methodology for correction. Absolute localization techniques,
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like map-based localization or Ultra-Wideband (UWB) localization, rely on external references to maintain
global accuracy. These techniques use known landmarks or features in conjunction with sensor inputs (e.g.,

LiDAR, camera, ultrasonic sensors) to localize the vehicle within a pre-mapped space [4].

This section presents and compares several typical localization approaches applicable to autonomous RC
cars, including Simultaneous Localization and Mapping (SLAM), UWB localization, odometry, vision-based
localization, Particle Filter (PF) based techniques, and map-based localization. Each method is discussed in

terms of accuracy, complexity, sensor requirements, and suitability for small-scale autonomous platforms.

2.2.1 SLAM

SLAM is a fundamental technique used to explore an unknown environment. The exploration phase involves
gathering data on an environment through sensors to discover its structure. A SLAM method performs two
critical tasks concurrently: it supports the incremental building of a 3-D map representation of an environment
while simultaneously using that same incremental map to localize the observer accurately. The purpose of
using the map for localization is to minimize errors in the map-building process. This interconnected process
of simultaneously mapping the environment and localizing within that developing map is the core mechanism
of a SLAM system.

SLAM techniques can be implemented using a variety of sensors, but share the same principle. Some examples
could be with LiDAR, mono camera, and a stereo camera. The accurate representation of the environment that
results from a SLAM process can vary, potentially being a sparse set of landmarks or a detailed dense 3-D

model, and it is considered highly useful for autonomous and human assistive applications [5]].

2.2.2 UWB Localization

UWRB localization is a short-range radio technology that uses a wide frequency spectrum [6]]. UWB is a method
which uses the LPS perception [3]]. This method relies on time-based measurement techniques, such ToF, Time
Difference of Arrival (TDoA), and two-way ranging. Applying trilateration to these measurements, the precise

location of the tag can be determined [6].

The main advantages of UWB include high positioning accuracy, robustness, low power consumption, and
minimal interference with other signals. However, it also presents challenges, particularly in Non-Line-of-
Sight (NLOS) conditions and the need for careful anchor placements, as the coordinate system depends on the

known location of these anchors [7]].

2.2.3 Odometry-Based Localization

Odometry is one of the most fundamental localization techniques used in robotics. It involves estimating the
vehicle’s position and orientation (i.e., its “pose”) by integrating motion data over time. To achieve this, wheel

encoders are typically used and, in some cases, IMU.

Odometry estimates displacement by tracking the number of wheel rotations using encoders. By knowing the
size of the wheels and the geometry of the vehicle, it becomes possible to compute the position and orientation

in a 2D plane over time. This method is characterized by its simplicity, low cost, and computational efficiency,
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as it relies only on basic sensors and straightforward mathematical calculations. However, a key limitation of
odometry is its susceptibility to cumulative errors. Minor inaccuracies in measurement, such as wheel slippage
or uneven terrain, can accumulate over time, leading to increasingly inaccurate position estimates. Additionally,
because odometry provides only relative positioning and lacks an external reference, it cannot independently

correct these errors, making it unreliable for long-term localization without sensor fusion.

Due to these limitations, odometry is rarely used as a standalone localization method in complex or long-duration
tasks. Instead, it is often fused with other sensors and methods to improve accuracy and robustness. In the
context of autonomous RC cars, odometry remains a vital component, particularly in sensor fusion pipelines,

offering real-time motion estimation that complements more sophisticated localization methods [§]].

2.2.4 Vision-Based Localization

Vision-based localization, primarily employing cameras, constitutes a significant method in autonomous vehicle
localization. An example of this would be the visual map creation and localization, which involves constructing
a map from sequential images acquired along a trajectory, correlated with positioning data, often via GPS. To
derive pose information, localization is subsequently performed by matching current camera images with this
pre-existing visual map. Feature matching, often performed using machine learning methods such as K-Nearest
Neighbour (KNN), is commonly used to compare image features. More advanced approaches apply deep
learning methods like Convolutional Neural Network (CNN) to perform feature extraction and pose estimation

for visual localization.

Camera-based vision methods are considered low-cost relative to sensors such as LiDAR. Reported localiza-
tion accuracies vary considerably depending on the specific technique, map characteristics, and operational
environment, with some studies achieving centimetre-level accuracy, while others report higher mean errors
[4].

2.2.5 PF-Based Localization

Particle Filter (PF), encompassing approaches like the Monte Carlo Localization (MCL), represent a class of
Bayes-filter-based methods commonly applied in autonomous vehicle localization systems. PFs are utilized
primarily as a state estimation technique to determine the vehicle’s pose and are frequently employed for fusing
data from multiple sensors. In map-based localization contexts, PFs estimate the vehicle’s position within a
prior map by aligning observed sensor data with map features, adjusting particle weights based on the likelihood
of observations given hypothesized poses. PFs are also applicable in mark-based localization, where they
estimate pose by matching detected landmarks or road marks with their known locations within a sparse map.
Integrating data from sensors such as LiDAR, IMU, GPS, wheel odometry, and cameras into the PF framework
is a standard practice. Depending on the sensor inputs chosen, the PF location typically provides an excellent

accuracy, ranging in the tens of centimetres [4].

2.2.6 Map-Based Localization

Map-based localization methods use a pre-built representation of the environment, such as a grid map, feature

map, or 3D point cloud, to estimate a vehicle’s position by comparing real-time sensor data against the map.
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These methods typically rely on sensors like LIDAR, cameras, or ultrasonic sensors to perceive the surroundings.

Maps could take the form of occupancy grid, where the environment is divided into a grid of cells representing
free, occupied, or unknown space, based on data from sensors such as LiIDAR or ultrasonic sensors. Alternatively,
maps can be topological, representing the environment as a graph of key locations (nodes) and the connections
between them (edges), focusing more on the relationships between places than on exact distances. Topological
maps are typically more compact and computationally efficient, and are well-suited for applications where
high-level navigation decisions are needed rather than fine-grained control. Both maps provide a structured
reference for localization algorithms to match real-time sensor observations with known environmental features,

enabling the car to accurately estimate its position within the mapped space [4].

While map-based methods are robust and precise, they require accurate maps, sufficient sensor coverage, and
relatively high computational resources. As such, they are often combined with odometry, SLAM, or PF systems

in autonomous RC car platforms to achieve reliable navigation.

2.3 Path planning

This section of the SOTA will explain path planning as a solution to how an autonomous vehicle can find its way
towards a goal. Path planning is important because if the vehicle deviates too much from the expected path, or
if an obstacle suddenly appears, the vehicle might have to recalculate how to get back to the intended path and
the goal [9]]. Path planning algorithms in the autonomous driving system, a comprehensive review by Mohamed
Reda et al suggests five main methods of obtaining a global and/or local path: graph-based methods, sampling-
based methods, gradient-based methods, optimization-based methods, and interpolation curve methods. Each

is described in the following subsections.

2.3.1 Graph-based methods

A commonly used traditional method of path planning is graph-based path planning. A graph is a mathematical
structure that contains nodes - points or locations in space, such as pixels in an image - as well as arcs, which
count as the space connecting these nodes, representing possible movements, along with possible associated
costs like distance [[10]. Obtaining graphs for path planning can also be divided into two methods; global
(offline) planning, where the graph or map is pre-generated and supplied at the start of testing - or local (online)

planning, where the graph is continuously updated with the help of sensors and localization/mapping techniques.

A study by Menaka Naazare et al. outlines the advantages and disadvantages of online graph-based path planning
methods, saying that while localization is still accurate, their UAV was able to follow intended trajectories using
the A* algorithm successfully. They also cited a study by Parikshit Maini and P.B. Sujit that successfully
used the Dijkstra algorithm for simulations [11]]. As such, one can argue that if graph-based path planning is
sufficient for aerial vehicles, it should also suffice for most other vehicles, such as autonomous cars. A notable
disadvantage also brought up in their study was a heavy reliance on GPS data, or a dependency on accurate
and frequent updates in location. A strong localization method would be recommended for online graph-based
planning, as this method needs to recreate the graph from scratch many times over a single path to account for

errors and sensors not being able to supply a complete graph for the intended movement.
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2.3.2 Sampling-based methods

Sampling-based planning is easily confused to be the same as graph-based planning using online planning. This
is because sampling-based methods continuously and randomly generate nodes from environment samples. The
randomly selected path can be checked for obstacles and expanded upon until it becomes feasible to reach the
goal. Therefore, unlike graph-based methods, sampling-based methods don not need to generate a full map of

the surroundings, but only generate enough nodes to find a path to the goal [[12].

A study on motion planning by Christos Katrakazas et al. describes the top advantage of Rapidly-exploring
Random Tree (RRT), which is a type of sampling-based method, to be how fast it can find a viable path because
that it does not need to take any further action once it finds a single path that successfully leads to the goal. It
is also outlined, though, that this path can be suboptimal in terms of time and distance, as well as being jerky
and rough due to the randomness involved in generation [[13]]. A way to solve the suboptimal pathing of RRT is
with the improved method, Optimal Rapidly-exploring Random Tree (RRT*). RRT* does not stop after finding
a viable path, but keeps improving on the current tree. RRT* will converge on the optimal path as the number

of samples generated goes to infinity [|12].

2.3.3 Gradient-based methods

Gradient-based methods differ from the previous two. An example of a gradient-based method is Artificial
Potential Field (APF). To plan the path, APF sees the goal point as an attractive force and all obstacles as
repelling forces. It then combines the effects of all forces into a field and follows where the gradient of the
field is pointing. APF does not necessarily need a map or graph to find the goal, but it does need to know the
coordinates of the goal to get going. Benefits of this method are that it can find paths that avoid all obstacles
within a short computational time window, with the drawbacks that the chosen path around an obstacle may be
suboptimal, and that the algorithm stops completely if the gradient ever becomes zero, as there would then be

no pull in any direction [9].

As discussed in a study by Yu Li et al., the Local Minima Trap is a common challenge with APF. Local Minima
Trap occurs when all attractive and repulsive forces sum up to zero, meaning the gradient is zero, before reaching
the goal destination, prematurely stopping all movement. The authors argue that there are several ways to solve
this issue, such as with the use of perturbation - introducing random walking patterns to get out of the local

minima [[14]].

While all these kinds of methods have many different algorithms available for use, it is notable that a vast
collection of these algorithms are built on the same base algorithms, such as A*, RRT and APF [9], because
these algorithms are a good starting point that may need a minor alteration to function in the intended way for a

given project.

2.3.4 Optimization-based methods

Optimization-based methods (mathematical programming) are used to find numerical solutions to optimization
problems. These methods start by building an objective function based on the path planning requirements. The

goal is to find the maximum or minimum value of this function. When minimizing the objective function, the
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problem is called convex programming. When maximizing it, the problem is called concave programming [15]].

If the objective function includes a quadratic term, the method is called quadratic programming [[16]. Path
planning can be modelled in autonomous driving as a quadratic programming problem where the goal is to

minimize the path length and find the best route.

When the objective function includes random variables or the input during the search process is random, the
problem is called a stochastic optimization problem. This kind of problem can also be solved using dynamic

programming [17].

Optimization-based methods can also be combined with other techniques. For example, the Sequential Bilinear
Sequential Quadratic Programming (SB-SQP) algorithm is a hybrid method that combines sampling-based
algorithms with Sequential Quadratic Programming (SQP) [18]]. Similarly, the Sampling-based Nonlinear Opti-
mization (S-NO) algorithm uses sampling techniques and quadratic programming to solve convex optimization

problems [[19].

2.3.5 Interpolation curve methods for path planning in automated driving systems

The interpolation curve method is a way to create a new path from an existing one to avoid collisions. At
first, there is an initial path, but this path may collide with an obstacle. The interpolation method changes the
original path and creates a new sub-path that is safe and smooth. This kind of path planning uses special curves.
The most common curves are Bezier curves [20], Clothoid curves [21], Splines curves [22]], and Polynomial

curves[23].

Based on different curves and techniques, researchers have developed many algorithms. Some examples include
the Dynamic Path Planning with Cubic Splines (DPP-CS) algorithm curves[24] (which uses cubic spline
interpolation), the Heuristic Enhanced A-Star (HE*) algorithm, the Joint Quadratic Bézier Curves (JQBC)
algorithm curves[25]], and the Fourth-Order Bézier Curves (FOBC) algorithm curves|[26].

As a stand-alone method, the interpolation method is slow and may not work well in complex situations.
However, when combined with other methods, such as graph-based or sampling-based algorithms, it can work

faster and create better, more useful paths.

2.4 Path Following

This section discusses the path tracking module, as referred in literature, of the autonomous navigation system
[27]. Through this report it will be named as fath following for clarity. This module takes the path generation
module output, this being a series of waypoints or a continuous mathematical function in the vehicle’s coordinate
system [28]], and generates the steering, accelerating, and braking references for the low-level controllers that

drive the actuators [29]. In resume, the path tracking module takes care of two tasks [30]:

1. Lateral control: Drives the steering to stay within the desired racing line given as input with minimal

€ITOor.

2. Longitudinal control: It is responsible for following the appropriate velocity profile along the path.

Historically, control methods for trajectory tracking in autonomous vehicles have been categorized into geometric

10
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algorithms, kinematic model controllers, and dynamic model controllers [31]]. However, three categories are

identified for this SOTA: Kinematic controllers, classical controllers, and robust controllers.

Kinematic controllers based purely on kinematic models and geometric relationships, ignoring dynamic effects,
which makes them easy to implement. Classical controllers use traditional, typically linear, control methods that
can handle system dynamics if properly modelled, offering good performance with relatively simple implemen-
tation, however, they are less effective in the presence of non-linearities, uncertainties, or disturbances. Robust
controllers are designed to handle such challenges by accounting for uncertainties and external disturbances,

delivering high performance at the cost of increased complexity and computational load.

2.4.1 Pure pursuit - Kinematic controller

Pure Pursuit is a geometric trajectory tracking algorithm based on Ackerman’s steering geometry for a bicycle
model [32]. It uses the geometric information of the kinematic model to calculate a steering angle that follows
an arc to a point, called the look-ahead point, located on the reference trajectory. The control law is calculated
following Equation[2.2]

2.2)

(2L sin(a) )
0 = arctan | ———=

la

The Pure Pursuit controller uses the look-ahead point located at a fixed distance /; ahead of the vehicle’s current
position to compute the required steering angle. This angle remains constant until a new point enters the

look-ahead range, prompting a recalculation [33]].

The parameters L and « represent the vehicles’ wheelbase and the angle between the vehicle’s heading and the
look-ahead point, respectively. Since the steering law is independent of velocity, variations in speed can lead to
inconsistent behaviour, producing overly aggressive or sluggish steering responses. To address this, a dynamic
look-ahead distance proportional to the velocity (k,v) has been proposed to improve stability across different
speeds [34].

Pure Pursuit is simple to implement and computationally efficient thanks to its purely kinematic formulation.
However, ignoring dynamic factors like friction or lateral forces can reduce control accuracy or introduce
instability. The controller’s performance heavily relies on the quality of the reference trajectory, velocity
control, and appropriate tuning. When poorly tuned, it may exhibit behaviours such as corner-cutting, especially

problematic in environments with strict boundaries [35].

2.4.2 Stanley - Kinematic controller

The Stanley method is a geometric path-tracking algorithm based on the Ackerman kinematic bicycle model,
and Stanford University employed it to win the 2005 DARPA Grand Challenge, which is an autonomous vehicle
rally that takes place in the United States. Unlike look-ahead-based controllers, Stanley uses a proportion kg
to the current lateral error, e, to the reference path, the heading error, 8 = . — i, Where (Y, Yj) are
orientation of the car and the corresponding point in the path for that time, as well as the velocity v, to calculate

the steering angle using Equation [2.3|[31]]:
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k
6(t) = 6 + arctan (i) ;0 € [—Omaxs Omax] (2.3)
Vx
As a geometric method, Stanley is computationally efficient and relatively easy to implement, being widely
supported by off-the-shelf tools such as MATLAB and Simulink [36]]. However, the basic version of the
algorithm may struggle with discontinuous paths or significant tracking errors [35]]. The complete version of the
Stanley controller, as used in the DARPA Challenge, includes additional terms to account for lateral dynamics

and improve stability, as shown by Hoffman et al [37]].

This controller is inherently reactive, meaning it corrects the trajectory only after an error is detected, as it lacks

a look-ahead or feed-forward component, which often lead to overshooting the track [31]].

Recent improvements have included predictive elements to compensate for the lack of look-ahead [38]], and hybrid
approaches integrating Proportional-Integral-Derivative (PID) control to enhance robustness while retaining

Stanley’s simplicity [28].

2.4.3 PID controller - Classical controller

A classical Proportional-Integral-Derivative (PID) controller is widely used to solve the path tracking problem
in autonomous vehicles [31]]. The control input is typically based on the cross-track error, defined as e = yz—y
where y is the desired lateral position at time ¢, and y is the vehicle’s current lateral position. The PID control

law is expressed as:

0=Kpe(t) +Ki/ e(t)dt +Kd%e(t) 2.4)

When applied specifically to path tracking, the behaviour of each term changes slightly due to the dynamic
nature of the reference trajectory when compared to a normal PID operation: The derivative term K; becomes
particularly valuable, as it enhances the controller’s responsiveness to rapidly changing paths; the proportional
gain K, is still essential for maintaining closed-loop stability, though it contributes less to precision in tracking.
In contrast, the integral term K; often becomes ineffective or even detrimental, since the continuously changing

target position prevents the error from stabilizing over time [30].

PID controllers are widely used due to their simplicity and the fact that they do not require a detailed system
model, making them easy to implement and tune. However, their performance can degrade under changing
system dynamics, as they are sensitive to environmental variations that differ from the tuning conditions
[32]]. Depending on gain settings, they may also exhibit issues such as chattering, overshooting, or dead-band
behaviour. To overcome these limitations, adaptive approaches using fuzzy logic or neural networks have been

developed, enabling the controller to adjust its parameters dynamically during runtime [39, |40

2.4.4 Fuzzy controller - Classical controller

Fuzzy Logic Controllers (FLCs) are rule-based systems that use fuzzy sets to model uncertainty and approximate
reasoning through a collection of intuitive “if-then” rules instead of relying on a precise mathematical model

[41]]. Therefore, FL.Cs are particularly useful for complex, non-linear, or poorly defined systems. Their design
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allows for high flexibility and robustness, especially in environments where traditional control techniques

struggle, such as driving backwards [42].

Fuzzy controllers are relatively simple to integrate and require modest computational resources, making them
viable for real-time applications and Off-the-shelf tools and libraries—such as MATLAB’s Fuzzy Logic Tool-
box—facilitate development and deployment [43]]. However, fuzzy logic controllers can suffer scalability issues
when dealing with high-dimensional input spaces, as the rule base may grow exponentially with the number of
variables [41]].

Additionally, the tuning of membership functions and rule sets is often heuristic and may require expert insight
or optimization methods [31]]. Despite these challenges, FLCs remain a popular choice in commercial and

academic applications due to their balance of simplicity, adaptability, and reliability [43] |42].

2.4.5 Sliding Mode Control - Robust controller

Sliding Mode Control (SMC) is a non-linear control technique that guides the system state toward a predefined
path in the state space, known as the sliding surface, so that the control becomes simpler and more predictable,
ensuring stable behaviour [44]. SMC is considered a robust control as it is inherently capable of handling
disturbances, uncertainties, and changing system parameters without significantly affecting performance, which
makes it particularly useful for systems with modelling inaccuracies and where fast and reliable response is

essential, like path following [|32]].

However, SMC is not without challenges. A common issue is chattering, which is rapid-small oscillations in
the control signal that can occur near the sliding surface. This effect worsens when the controller gains are
increased, and as a result, tuning an SMC controller can be difficult [45]]. Another concern is that if the reference
path changes suddenly, the controller may give large inputs, producing potentially dangerous levels of lateral

acceleration [31]].

To overcome these limitations, improvements have been proposed, such as using adaptive sliding mode control
with a fuzzy logic observer, where fuzzy rules adjust the controller response based on how far the system is
from the sliding surface, reducing chattering while maintaining robustness [46]. Another strategy involves
integrating neural networks, which can learn and compensate for disturbances, allowing the controller to use

less aggressive settings [47].

2.4.6 Model Predictive Control - Optimization-based controller

At its core, Model Predictive Control (MPC) uses a mathematical model of a system to predict the behaviour
of the system over a defined time horizon and formulates a control law by solving an optimization problem to
minimize a cost function considering constraints on control inputs and states [48[]. It solves the optimization
problem at each time step, applying only only the input for the first time step of the prediction horizon. The

process is then repeated at the next time step with the updated state information [34]].

The main issue with MPC is that it is very computationally complex, as it takes into account the model,
cost function, predicting future states, and constraints. Therefore, this requires more expensive hardware, or

alternatively longer time-steps, which in turn reduces performance. The complexity of the model also plays
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a big role in computational load. If the model is highly non-linear, it adds another layer of complexity when

solving the optimization problem.
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3 Concept Design

Key components covered in the SOTA analysis, chapter[2] were evaluated to define a suitable system architecture
for the autonomous RC car. The SOTA analysis focused primarily on software-based functionality and the
selection of sensors required to support it. Therefore, hardware elements like motors, the mechanical structure

and, vehicle dynamics were not central to this this concept design.

Several methods were compared uding dedicated evaluation matrices for For each component within the SOTA
analysis. The criteria used in each matrix were tailored to the nature of the component, ensuring a meaningful
comparison. A more detailed explanation of the evaluation metrics can be seen in Appendix [A] and an

explanation of the criteria can be seen in Table[A.1]

The following sections provide a breakdown of the evaluation for each component, the criteria used, and the
rationale behind the selected methods. They also go over mechanical considerations that will be need to be

taken into account later in the development phase.

3.1 Perception

The perception technologies evaluated were LiDAR, stereo camera, mono camera, LPS, radar, and ultrasonic
sensors. The criteria included computational simplicity, adaptability, monetary cost, consistency, accuracy,
implementation simplicity, and resolution. Each method was scored out of a maximum of 35 points; the scoring
matrix can be seen in Table

LiDAR scored the highest (29) in the matrix due to its adaptability, consistency, accuracy, and high resolution.
LPS (27) followed closely, as it performed well across the criteria but lacked computational simplicity. Mono
and stereo cameras scored reasonably (24 and 22, respectively), offering good adaptability and high resolution.
However, they suffer from low implementation simplicity because they require complex image processing
algorithms, contributing to increased computational demands. Radar and ultrasonic sensors ranked lowest (19

and 17, respectively) primarily due to limitations in resolution, consistency, and accuracy.

LiDAR stands out as the most robust perception option for detailed and accurate environmental understanding,

provided that its computational and integration requirements can be met.

3.2 Localization

The localization methods evaluated were SLAM, UWB, odometry, vision-based, PF, and map-based. Criteria
included adaptability, consistency, accuracy, computational simplicity, and implementation simplicity. Each

method was scored out of a maximum of 30 points; the scoring matrix can be seen in Table [A.3]

All methods obtained relatively similar scores, ranging from 17 to 20 points. Map-based localization scored
the highest (20), performing strongly across most criteria, particularly on consistency, accuracy, and implemen-
tation. PF followed closely (18), excelling in adaptability and accuracy, but scoring lower on computational
and implementation simplicity. The remaining methods, SLAM, UWB, odometry, and vision-based localiza-

tion, scored 17 points. Despite different strengths, such as high accuracy in vision-based methods or strong
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computational and implementation simplicity in odometry, each had trade-offs that balanced their overall scores.

The PF, map localization, and odometry were chosen for the final concept. Although odometry tends to
accumulate error over time, it offers valuable short-term motion data that complements the other methods well.
PF and map-based localization can complement this by offering high accuracy and consistency, helping to
correct and stabilize the accumulated error. Combining these methods creates a strong candidate for a robust

localization method.

3.3 Path Planning

The path planning methods evaluated were graph-based, sampling-based, gradient-based, optimization-based,
and interpolation curve. Criteria included adaptability, consistency, path optimization, computational simplicity,
and implementation simplicity. Each method was scored out of a maximum of 25 points; the scoring matrix
can be seen in Table[A.4l

Graph-based planning achieved the highest overall score (19),clearly balancing consistency and implementation
simplicity. Interpolation curve (18) and gradient-based planning (17) methods followed closely behind. The
interpolation curve performed relatively even across most criteria, benefiting from computational simplicity and
gradient-based planning showed strong consistency and adaptability. Sampling-based and optimization-based
planning received the fewest points (both receiving 15). However, optimization-based planning performed best

in path optimization but is more computationally and implementation complex.

However, when reviewing common methods of path planning, it was decided that there may not be a need to
continuously update the planned path of the car. The track is static, and there would be no unexpected obstacles.
Therefore, only a global path would be sufficient, assuming any deviations from the intended path will be minor.
To maximize robustness, a path planning algorithm will be applied initially to compute the optimal path to

follow, and it can be reapplied during operation if the vehicle drifts too far from the planned trajectory.

Therefore, a combination of graph-based and optimization-based planning will be used. Optimization-based
planning will be used to find the initial optimal path for the autonomous RC car to follow. In case of large
deviations, graph-based methods, such as A* and Dijkstra, offer a simple and consistent approach to generating
a new feasible path. This choice aligns with the evaluation results, where graph-based planning scored highest

overall, and optimization scored highest in the path optimization criteria.

3.4 Path Following

The five path-following control methods presented in Section [2.4] were evaluated: Pure Pursuit, Stanley, PID,
Fuzzy, SMC, and MPC. Criteria included accuracy, robustness, reliability, high-speed capability (>2 m/s),
computational simplicity, and implementation simplicity. Each method was scored out of a maximum of 30

points; and the evaluation matrix can be seen in Table[A.5]

Among the evaluated options, Stanley (27), Pure Pursuit (25), and PID (22) stood out due to their computational
and implementation simplicity. Stanley achieved the highest score, receiving high marks across all criteria.
Pure Pursuit and PID followed Stanley closely, where they were valued for their simplicity and reliability.

MPC (23) showed high performance in the first four criteria mentioned, but was limited by computational and
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implementation complexity. SMC (20) and Fuzzy (19) scored lower because they received more moderate

scores for each criterion.

Based on the evaluation matrix, a hybrid control strategy was selected. The Stanley method will be used for
lateral control, and PID control will be used for longitudinal dynamics. PID was chosen over Pure Pursuit

because the team had more experience with this method.

3.5 Mechanical Considerations

Although the primary focus of the concept design has been on the software and the autonomous RC car’s
ability to drive the track, the mechanical aspects of the implementation have been considered. It is known that
CanEduDev will provide the car chassis. However, it might require some modifications, as the stakeholder only
raised concerns later in the design process regarding its suitability to be able to drive the track. Therefore, the

mechanical decisions that are still under consideration include:
¢ Whether to use front-wheel drive, rear-wheel drive, or four-wheel drive.
* The use of independent motors for each wheel versus a single-motor drivetrain.

* Redesigning steering mechanisms to be able to go through the 90-degree turns. Furthermore, potentially

adding torque vectoring and/or rear-wheel steering.

These choices will directly affect the ability of the autonomous RC car’s ability to drive the given path and will

be refined further during the implementation phase.

3.6 Final concept summary

Based on the comparative analysis across all the core components of the system, the following methods were

selected for the autonomous RC-car concept:

* Perception: LiDAR will be used due to its high resolution and accuracy.

* Localization: Particle filter, map-based localization, and odometry will be used together to balance

robustness and simplicity
 Path planning: Graph-based and optimization-based methods will be used to find the optimal path.

* Path following: PID control will be used for the longitude control, and Stanley will be used for lateral

control.

The final concept prioritizes accuracy and robustness while maintaining computational simplicity. It draws from
well-established methods supported by the evaluation results. Combining complementary techniques within
each function, allows the system to perform reliably under the expected conditions. Therefore, the final concept

establishes a solid foundation for further development and testing in the upcoming phases.
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4 Discussion

This chapter provides a broader reflection on key components from the work conducted. Firstly, the final concept
design is revisited, and the trade-offs and feasibility of the final concept are discussed. It is then followed by a
risk analysis outlining the potential challenges anticipated during the development and testing phase. Finally, the
chapter concludes with a look ahead to the fall semester, outlining future work and the organizational structure

the team will follow.

4.1 Design concept

The final concept results from carefully balancing performance, feasibility, and available resources. However,
the concept is built around a set of assumptions regarding the autonomous RC car’s mechanical and software
capabilities. In particular, it assumes that the provided chassis from CanEduDev will be sufficient for the car
to drive the test track, an assumption that was challenged late in the process, when the stakeholders raised
concerns about the chassis steering configurations and the car’s ability to handle sharp turns. As a result, these
mechanical constraints were not a primary focus during the design process, but may significantly affect the car’s

driving ability.

Throughout the concept design, one of the main trade-offs in the concept evaluation was between performance
and computational complexity. Due to the limited financial and time resources, it was considered more practical
to opt for less computationally heavy algorithms, even if this meant giving up some performance. The final

concept design might have looked different if the concept were solely based on maximizing performance.

The current control strategy, a hybrid control strategy using the Stanley method for lateral control and PID control
for longitudinal dynamics, was chosen to meet the project requirements while remaining computationally simple.
However, it relies heavily on the assumption that the car’s mechanical constraints, such as the steering angle
limits, are not a significant issue. If this assumption proves invalid, the current control strategy may need
reconsidering. In such cases, more advanced methods that account for nonlinearity and uncertainty, such as

Fuzzy logic, SMC, or MPC, could offer better performance and robustness.

While the SOTA primary focus was on the software components, the mechanical design of the car will play
an equally crucial role in its performance. Whether these, somewhat simpler, methods will be sufficient is
something that will be revealed in simulations and real-world testing. Their success will largely depend on how
the subsystems integrate and perform. The flexibility of the system architecture will play a big role in allowing

for iterative refinement as development progresses.

4.2 Risk Analysis

Risks are inevitable when working on complex projects such as developing an autonomous RC car. These risks
can range from technical failures to communication issues. A risk analysis was conducted using the Failure
Mode and Effects Analysis (FMEA) to address these potential risks proactively. This structured approach
allowed for systematically identifying and evaluating probable causes of risks, assessing their consequences,

and determining both preventative and reactive measures. The risks were prioritized using a likelihood-severity
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matrix. This matrix evaluates each risk on the probability of its occurrence and the severity of its impact.
The results are categorized into different levels, ranging from Safe to Unacceptable. The whole risk analysis
matrix as well as the likelihood-severity matrix can be seen in Appendix [B] which outlines each risk and its

corresponding preventative and reactive measures strategies.

4.3 Future works

The fall plan was initially organized around four technical subgroups: perception, localization, path planning,
and control, mainly software-focused tasks. However, the team and task planning were restructured once it
became evident that vehicle dynamics would play a significant role in achieving a functional system. The
detailed time plan for the fall can be seen in Appendix [C]

The various tasks in the time plan are divided according to the main project phases, including development,
subsystem testing, integration, and evaluation. This schedule includes important administrative activities such

as report writing, presentations, and demonstrations.

4.3.1 Organization
In the fall, the project team will divide into the following three focused subgroups:

* Vehicle Dynamics: Felix Wallberg, Panos Skoulaxinos, Pérfridur Arinbjarnardottir
* Localization: Yorkabel Tsegay, Amy Annebick, Adrian Fasen
e Control: Zhixuan Zhu, Héctor Sanvicente, Lewend Omar,
After dividing into these subgroups, the team plans to adopt an agile workflow incorporating sprints. This

approach supports continuous progress, frequent integration, and flexibility in responding to feedback throughout

the development phase.
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A Concept Evaluation Matrices

This appendix contains the evaluation matrices for each component within the SOTA analysis, chapter[2] where

each component’s method was evaluated. Each matrix includes the criteria, ratings, and total score. The rating

scale was from 1 to 5, where higher values generally reflect better performance or lower cost, depending on

the context. The evaluation matrices are a variant of the concept-scoring matrix method, but in this case,

each criterion had equal weight, resulting in a maximum possible score for each method equal to the number

of criteria times five. The ratings are based on the findings and insights gathered during the SOTA analysis.

Explanations for each criterion can be seen in Table[A.T]

Table A.1: Explanations for the criteria used

Criteria

Explanation

Monetary cost

The cost of the method

How easy the method can be adapted

Adaptability to different conditions

How consistently the method performs
Consistency across repeated trials under the same

conditions.

How reliably the method performs over
Reliability time and under varying or challenging

conditions.

How accurately the method performs,
Accuracy . . . . .

including position accuracy in simulation
Resolution The resolution provided by the method

How well the method can handle errors
Robustness and maintain stability in real-world,

unpredictable conditions

Path optimization

How well the method optimizes the path

High-speed capability

Whether the method can operate
effectively at high speeds (e.g., above 2 m/s)

Computational simplicity

How simple the method is to compute, in
terms of number and complexity of
required operations.

Implementation simplicity

How simple the method is to implement or
integrate using available tools and
solutions. Also how familiar is the team
with this method
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A.1 Perception

Table shows the evaluation matrix for perception methods.

Table A.2: Evaluation matrix for perception methods

Criteria LipAR Oteree  Mono -y bo o podar  Ultrasonic
camera camera
Monetary Cost 3 2 4 3 4 5
Adaptability 5 5 5 5 5 5
Consistency 5 3 2 5 2 1
Accuracy 5 4 3 5 2 1
Resolution 5 5 5 4 2 1
Computational Simplicity 3 1 3 1 1 1
Implementation simplicity 3 2 2 4 3 3
Total score (max 35) 29 22 24 27 19 17

A.2 Localization

Table shows the evaluation matrix for localization methods.

Table A.3: Evaluation matrix for localization methods

Criteria SLAM UWB Odometry Vision PF Map-based
Adaptability 4 3 3 5 5 2
Consistency 4 4 2 3 4 5
Accuracy 4 4 2 5 5 5
Computational simplicity 2 3 5 1 2 4
Implementation simplicity 3 3 5 3 2 4
Total score (max 25) 17 17 17 17 18 20
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A.3 Path planning

Table[A.4] shows the evaluation matrix for path planning methods.

Table A.4: Evaluation matrix for path planning methods

Criteria Graph Sampling Gradient Optimization Interpolation

Based Based Based Based Curve
Adaptability 3 4 4 3 3
Consistency 5 1 5 5 3
Path optimization 3 1 2 5 3
Computational simplicity 3 5 3 1 5
Implementation simplicity 5 4 3 1 4
Total score (max 25) 19 15 17 15 18

A.4 Path following

Table [A.5|shows the evaluation matrix for path following methods.

Table A.5: Evaluation matrix for path following methods

Criteria Pure pursuit Stanley PID Fuzzy SMC MPC
Accuracy 4 5 3 3 4 5
Robustness 3 3 4 4 5
Reliability 5 5 4 3 2 5
High-speed capability (>2m/s) 4 4 3 3 4 5
Computational simplicity 5 5 4 3 4 2
Implementation simplicity 5 5 5 3 2 1

Total score (max 30) 25 27 22 19 20 23
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B Risk Analysis

The appendix contains the Likelihood-Severity Matrix shown in table[B.T|and the Risk Analysis Matrix, can be

seen in table[B.2] used to evaluate the potential risks during the development of the autonomous RC-car.

Table B.1: Likelihood-severity matrix

Severity
1 2 3 4 5
(Negligible) | (Minor) | (Moderate) | (Significant) (Severe)
1 4 5
(Very rare) Bad Bad
2 6 8
(Unlikely) Bad Bad
= 3 6
g (Probable) Bad
=
= 4 4 8
= (Likely) Bad Bad
[
5 5
(Almost certain) Bad
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C Fall Time Plan

This appendix provides a detailed overview of the fall plan.

Phase 1: Development (Sep 1 — Sep 18)

* Finalize vehicle platform and architecture
¢ Mount sensors (IMU, encoders, LiDAR)

* Develop basic simulation environment (Simulink, Gazebo)

Set up ROS
» Start collecting sample sensor data

* Begin report draft (project scope, system architecture)

Phase 2: Subsystem Testing (Sep 18 — Oct 6)

* Implement and tune low-level control (PID for steering/speed)

¢ Test individual modules (localization, control) in simulation and hardware
* Compare real-world and simulated data for calibration

* Conduct small-scale driving tests

* Write intermediate report section: modeling, testing results

Phase 3: Integration (Oct 6 — Nov 6)

* Integrate localization and control systems
¢ Connect software and hardware (ROS)
* Test integrated system on vehicle (simulation + track)

» Update report with integration results

Phase 4: Evaluation and Optimization (Nov 6 — Dec 8)

* Tune system based on full-track testing

¢ Improve robustness (noise handling, edge cases)
* Final safety validation

* Run multiple full test runs

* Finalize project report and presentation

31



Can U-Turn

Administrative and Deliverable Milestones

* Aug 25: Initial meeting and revisit role assignment

* Sep 18: Component tested and finished modelling

* Oct 6: Proof of concept by individual modules validated
* Nov 6: Integrated system and intermediate report

* Dec 8: Submit final report and live working demo

* Weekly: Internal updates and shared documentation
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