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Abstract—Teaching autonomous and intelligent transportation
systems in higher education has traditionally focused on theory,
often lacking comprehensive coverage of the practical techniques
required for real-world applications. To overcome this, we
developed a new university course centered around hands-on
learning with a modular autonomous small-scale vehicle platform
called F1TENTH. This paper presents a detailed overview of
the new course design, its underlying philosophy, the individual
teaching modules, and the modular hardware/software of the
F1TENTH platform. This new course was then evaluated with
a survey conducted at five universities that have adopted the
teaching modules for their semester-long undergraduate and
graduate courses. The results show that approximately 80% of all
involved students strongly agree that the hardware platform and
modules significantly increased their motivation to learn. More
than 70% of the students agreed that the hardware enhanced
their understanding of the material The findings demonstrate
that our course setup and the F1TENTH hardware effectively
combine theoretical knowledge with practical application, greatly
enhancing the educational outcomes and the students’ compu-
tational thinking skills. Future research is needed to explore
the long-term impact of hands-on learning on students’ career
development in intelligent autonomous systems.

Index Terms—Autonomous vehicles, robotics, computational
thinking, machine learning, control, simulation

I. INTRODUCTION

Autonomous vehicles can potentially disrupt our trans-
portation systems as we know them. They are expected to
optimize street capacity, resulting in more efficient traffic
flow [1]. Furthermore, autonomous vehicles could create $488
billion [2] in annual savings by reducing traffic accidents and
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Fig. 1. An F1TENTH vehicle alongside a typical track layout at one of the
participating universities. This setup offers students a safe environment to
experiment with various algorithms in real-world scenarios.

additional savings due to reduced fuel costs and, therefore,
reduced emissions [3]. To achieve autonomous capabilities, the
senses and actions of a human driver are emulated by suitable
sensors, actuators, and respective software [4].

Unfortunately, developing solutions for autonomous driving
invokes complexities since it requires well-trained engineers
with broad and expert knowledge in machine learning for
embedded systems, control theory, and optimization [5]. There
will be an increasing demand for specialized engineers, and
teaching autonomous systems topics at higher education in-
stitutions can be seen as a global strategic initiative [6] [7].
However, current robotics and autonomous systems course
curricula lack hands-on teaching and actual hardware usage,
and literature reviews agree that teaching autonomous systems
in higher education needs to be enhanced to facilitate learning
at an early level [6] [7]. While teaching the foundational theory
of autonomous systems remains important, offering deeper
insights into applying software on real hardware is equally
essential.

To overcome this issue, we created a new course for
teaching autonomous systems in a more applied way with
new modular autonomous vehicle hardware (Figure 2). We
provide three autonomous systems themes: 1) foundations,
2) advanced, and 3) multi-vehicle, which are split into six
different course modules (A-F). First, the students learn the
theoretical foundations in each of these modules and then have
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Fig. 2. The F1TENTH course structure: Each autonomy theme provides both the theoretical content and practical learning units with simulations and real
hardware. Over the different course modules, the complexity of algorithms is increasing while the depth of understanding also increases.

a hands-on learning part, where the theory of each module
is applied in simulation and on the real vehicle hardware.
Second, each of the three themes is then completed with a
race with the autonomous vehicles. With this setup, this new
course ultimately provides learning in various practical topics
like mechatronics, control systems, and artificial intelligence.

The hypothesis is that autonomous driving fundamentals
must be taught in combination with actual hardware to prepare
the students for industry and academic jobs. This combination
will enhance the students’ computational thinking regarding
the software and their systems thinking regarding the whole
autonomous vehicle. This is because the students are allowed
for repeated testing and iteration and have the affordance of
a physical device to learn as opposed to on-screen simula-
tion only [8]. Furthermore, it is hypothesized that by teach-
ing autonomous driving in a competitive environment called
Autonomous Racing [9], the motivation and fascination for
learning in the field of autonomous vehicles and programming
can be kept higher [10]. The idea behind this variation of
competition-based learning [11] is to have three races in the
course that incentivize and motivate the students [12]. In
summary, the main contributions of this paper are:

• A detailed overview of a new academic course called
F1TENTH that integrates theoretical lectures with hands-
on learning modules and competitive racing is given.

• The development of the F1TENTH hardware platform, a
modular and realistic 1:10 scale autonomous vehicle for
hands-on learning, bridging the gap between toy models

and full-scale research vehicles, is presented. Further, we
use modular hardware and software to cater to different
educational levels, from high school to graduate courses,
allowing for scalable and adaptable teaching methods.

• We present survey results on this new course, indicating
high student satisfaction and an improved understanding
of autonomous driving concepts.

• We make all course materials, hardware setup instruc-
tions, and software stacks available as open-source re-
sources, facilitating wider adoption and collaboration
among educational institutions.

II. RELATED WORK

Educational robotics: When teaching the fundamentals of
autonomous systems and robotics, the goal is to increase the
computational thinking (CT) of a student, which describes
skills developed by students to solve problems in the field
of computer science. In 2014, Bers et al. [13] proposed
that CT could be increased by leveraging real robot hard-
ware in the classroom because real robots motivate students
through gamification. Based on this, the number of courses
that leverage the usage of real robots for teaching different
robotic subjects at distinct education levels has grown [14].
In a quasi-experimental study with 24 third-grade students,
Diago et al. [14] revealed that in contrast to traditional
education approaches, using real-world educational robotics
created statistically significant gains in computational thinking
and computational knowledge. Furthermore, in courses with
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real-world robots, students’ negative attitudes toward heavy
mathematical subjects can be improved [15]. Students develop
a greater interest in mathematics when they can move beyond
theory and apply algorithms to real-world problems. For ex-
ample, working with a robot demonstrating how optimization
algorithms function in practice makes learning more engaging
and tangible [15]. Various papers present their ideas on how
to teach robotics at undergraduate or graduate levels at various
universities [16], [17]. The authors derived that the educational
usage of robotics creates high popularity among the students,
high collaboration within the teams, and high competition in
developing individual solutions for the provided robots. To
further increase motivation and engagement within these real-
world robot courses, Frank et al. [18] provide the outline of a
research project that needs to consist of various elements: (1)
The students must build their team that will work with one
robot; (2) The team consists of individual roles to manage all
tasks; (3) the teams get a budget that can be spent on electronic
hardware for the robot; the team must (5) design, (6) build and
(7) program the robot on their own; (8) the team must write
documents on their developments.

Real-world robots for education: Bakala et al. [19] con-
ducted a systematic review of empirical studies that apply
real-world robots for preschoolers. Based on a review of 15
empirical studies, the authors found that commercial robotic
kits were mainly used. Unfortunately, in all these kits, only
a limited number of input and output interfaces were given,
limiting developmental appropriateness to children’s cognitive
levels. Many studies and evaluations were conducted to get
an inside into using robotic hardware kits at the elementary
school level [20]. In most of these studies, the bee-bot [21] or
Lego Mindstorms kits [22] are used.

Small-scale autonomous and intelligent vehicles: Many
universities have real-world research vehicles [23], with which
experimental studies and research are conducted. Unfortu-
nately, those vehicles are expensive and difficult to maintain.
This issue led to developing small-scale testbeds for con-
nected and automated vehicles and robot swarms [24]. Duck-
ietown [25] teaches students to program a small-scale robot
in an urban environment. In [26], a scaled RC-Car platform
is used to run in a scaled indoor environment, but only a
fixed set of hardware and software is provided. The Amazon
DeepRacer [27] is a small-scale autonomous car that educates
students on simulation and reinforcement learning. The most
commonly used vehicle is a modified 1:10 scale RC car, and
institutions released documentation for hardware and setup
on transforming this conventional car into an autonomous
racecar. These vehicles are then used either for research or
educational purposes and the most prominent ones are the MIT
Racecar [28], the MuSHR racecar [29], the RoSCAR [30] and
the F1TENTH [31] vehicle. The work presented in this paper
heavily extends the F1TENTH vehicle in various ways, now
deeply exploring its capabilities as an educational platform
by providing modular hardware and software and ultimately
surveying the students about the course and the vehicle’s
usefulness.

III. THE F1TENTH COURSE

The state of the art displayed that using real robots pro-
vides the chance to create a better understanding of abstract
robotics problems [32] and allows exploring autonomous
driving solutions closer to real-world application. Unfortu-
nately, a course setup that provides applied knowledge for
the whole autonomous driving pipeline, which consists of
hardware and software selection, simulation testing, and real-
world application, is not available so far. In the following, we
display a solution by providing a detailed overview of the new
F1TENTH course setup.

A. Prerequisites

The course material is aimed at graduate students but can
be reduced to the undergraduate or even high school level.
Students enrolling in the F1TENTH course should have basic
programming skills in languages such as Python, as much
of the coursework involves coding and software development.
Proficiency in linear algebra and calculus is crucial for grasp-
ing the mathematical aspects of path planning and control
theories. A basic understanding of machine learning concepts
is not necessary, as the course covers and explains neural
network-based perception techniques that cover these topics.

B. Course Philosophy & Learning outcomes

The general course philosophy of the proposed course is
“Define the Problem. Implement. Understand” and “Compe-
titions (Races) replace Exams” [33]. The goal is to focus on
teaching autonomous systems as hands-on as possible with
the provided F1TENTH vehicle, allowing students to enhance
their computational and systems thinking.

By grouping 2— 3 students into teams, a diverse set of
teams can be created: A mix of majors (only one per team),
a mix of programming expertise (Python, C++), a mix of the
countries of origin, a mix of genders or ethnic groups. Solving
the tasks in teams improves teamwork and collaboration while
enhancing social and emotional learning.

The learning outcomes focus on providing in-depth knowl-
edge in the field of autonomous vehicles. The students learn
about the theoretical software fundamentals of different au-
tonomy algorithms (perception, planning, and control) and
apply them to the autonomous vehicle hardware afterward.
The following ten learning outcomes are set up; after the
F1TENTH course, the students should be able to

1) understand the current challenges in state of the art for
autonomous driving,

2) understand the role of middleware with ROS2 (Robot
Operating System 2),

3) understand common sensors for detection and localiza-
tion,

4) explain vehicle dynamics by visualizing vehicle states,
5) explain the different concepts of path planning,
6) understand the necessity of stabilizing control actions

and the responsibilities of the control algorithm,
7) design and tune a path tracking controller,
8) apply software for perception, planning, and control to

a 2D and 3D simulation environment,

This article has been accepted for publication in IEEE Transactions on Intelligent Vehicles. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TIV.2024.3495227

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 4

9) apply software for perception, planning, and control to
the F1TENTH hardware, and

10) develop their own software for perception, planning, and
control and apply it to the F1TENTH hardware.

C. Content and Syllabus

The F1TENTH course is structured to cover a broad range
of topics in autonomous driving, starting from foundational
concepts and advancing to complex, real-world applications.
The F1TENTH course is split into six modules (Module A-F),
which consist of 25 lectures that are displayed in the following
list:

Module A: Introduction to F1TENTH, the Simulator & ROS2
1 Introduction to Autonomous Driving
2 Automatic Emergency Braking
3 Rigid Body Transform

Module B: Reactive Methods
4 Vehicle States, Vehicle Dynamics and Maps
5 Follow the Wall: First Autonomous Drive
6 Follow the Gap: Obstacle Avoidance
7 Race 1: Preparation
8 Race 1: Single-Vehicle: Obstacle Avoidance

Module C: Mapping & Localization
9 Scan matching

10 Particle Filter
11 Introduction to Graph-based SLAM
Module D: Planning & Control
12 Local Planning: RRT, Spline Based Planner
13 Path Tracking Simple: Pure Pursuit
14 Path Tracking Advanced: Model Predictive Control
15 Behavioral Planning: Trustworthy Autonomous Vehicles
Module E: Vision
16 Classical Perception: Lane Detection
17 Machine Learning Perception: Object Detection
18 Final Project Selection
19 Race 2: Preparation
20 Race 2: Single-Vehicle: High-Speed
Module F: Special Topics and Invited Talks
21 Ethics for Autonomous Systems
22 Raceline Optimization
23 Special Topic 1: e.g. invited speaker session
24 Special Topic 2: e.g. invited speaker session
25 Special Topic 3: e.g. invited speaker session
Module G: Race 3 And Project Demonstrations
26 Race 3: Preparation
27 Race 3: Multi-Vehicle Head-to-Head
28 Project Demonstrations

As the hypothesis defines that students need to learn au-
tonomous driving in a hardware-applied and hands-on way,
the course is taught in a clab style (classroom + lab). There
are two modules a week, consisting of a 45-minute lecture
and a 2-hour practice session. A seventh module (G) is for
the final race and the project demonstration. The general
idea of the F1TENTH course is to incrementally increase
the depth of knowledge, the difficulty of the algorithms, and
the complexity of combining multiple software modules. As
depicted in Figure 2, the course starts with teaching single-
vehicle behavior only and then moves to more complex vehicle
behavior like high-speed driving and multi-vehicle scenarios.
Having lab sessions with the real hardware is then providing
a concrete learning experience inside the module.

In Modules A & B, the students learn the theoretical
foundations of autonomous driving. Here, the car is driving at
slow speeds. With the primary sensor (LiDAR), the students

can perceive the environment and avoid obstacles. In the first
race, the goal is to drive a single car around a given track
while avoiding obstacles.

In Modules C & D, the theoretical foundations of local-
ization (e.g., graph-SLAM), planning (e.g., sampling-based
planning), and control (e.g., PiD controller) are explained, and
a variety of algorithms are presented. This part is listed as
high-speed autonomy and involves heavy tuning since both
the localization’s accuracy and the controller’s quality lead to
different vehicle behavior. In the second race, the goal is to
drive a single car at high speed around a given track.

In Modules E & F, the theory of classical and machine
learning-based perception techniques are introduced, focusing
on lane detection and object detection. The special topic
section discusses advanced and interdisciplinary topics in au-
tonomous systems, including ethics for autonomous systems,
raceline optimization, and special lectures from industry and
research experts. In the final module (G), the students must
apply everything they learned throughout the semester in a
multi-vehicle race (2 vehicles against each other) and tune the
car to drive fast and reliably. Additionally, the results of the
projects are presented. The following core components for the
course are established:

1) Theoretical Lectures: The theoretical fundamentals of
the various algorithms in perception, planning, and con-
trol are explained in a lecture.

2) Labs: Here, the students need to apply the autonomous
driving concepts from the lecture to the 2D simulation
environment. The labs are explained and discussed in the
class, the lab assignments need to be completed outside
of class time. The code is evaluated in simulation only.

3) Races: The students participate in three autonomous
races with their F1TENTH vehicle. The students have
to write quality software for the vehicle to be successful
in the races. The races help the students improve their
risk analysis because they must decide how fast they
go with their car to achieve good race results. While
the competitive scenario of the races builds up mental
toughness for the students, it also creates a way to
develop a social community around learning [8].

4) Special Topics: A series of special topics with guest
lectures that present their applied autonomous driving
work from a research or industry perspective are pro-
vided. This gives the students some inspiration about
state-of-the-art research and industry work.

5) Final Project: A final project (or cornerstone project) is
set up as an ill-structured software design project with
the explicit goal of giving the students the experience
of struggle and challenge, which can result in failures
and setbacks [34]. These failures are intended to teach
the student fundamentals of fault diagnosis [35] and
data visualization. Being guided by the teaching assis-
tants ensures the project has a reasonable scope. By
demonstrating their project at the end of the semester,
the students still achieve a positive result and learning
outcome [34].
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D. Grading

Since no final exam is held, the final course passing mark
will be based on a cumulative score and is composed of the
following components and their weighting:

• 40% Labs: Results of the code submitted in the labs.
• 30% Competition performance: Results of the races

weighted by the race difficulty. 95% of this grade is based
on participation, and 5% is based on ranking in the races.

• 20% Final Project: Quality of the project demonstration
and documentation.

• 5% Competition document: An 5-8 page document
summarizing the students’ approach to the competition
(software architecture, algorithms, hardware, tests, etc);
examples of performance results, etc.

• 5% Peer review: An anonymous evaluation of the stu-
dent’s work performed by their teammates.

E. Feedback & Improvement Phase

After the final grades are given, the students go into a
feedback and evaluation phase with the tutors and the pro-
fessor. Here, the tutors provide a summary of the student’s
achievements along the course and explain possibilities for
further improvement. Feedback is given regarding (1) the code,
(2) the algorithms used, (3) the quality of the algorithm in the
application, (4) the qualities of a team, and (5) the quality
of the documentation. This summary and feedback enable a
rethinking of the achievement and further enable the students
to learn from their own and others’ failed trials.

IV. F1TENTH VEHICLE: MODULAR HARDWARE

Deploying algorithms on real-world autonomous vehicles
is expensive, time-consuming, and dangerous. Especially not
many higher education institutions have a real-world au-
tonomous vehicle that can be used for teaching. From an
educational point of view, special hardware with car-like
characteristics is needed, provides the possibility to integrate
different sensor components, and is easy to program and
handle. Therefore, we chose a small-scale autonomous vehicle
called F1TENTH (Figure 3) for this course.

NVIDIA Jetson NX 
GPU Computing Platform

1:10 Race Car 
Vehicle Chassis

Electrical AWD Drivetrain
LiPo Battery

WiFi Access
Indoor GPS

F1/10 Power 
Distribution Board

Stereovision
Camera

2D
Lidar

Fig. 3. F1TENTH hardware setup used in the F1TENTH course.

The F1TENTH vehicle is a low-cost, low-effort, low-entry
bar 1:10 scale vehicle that enables safe and rapid experimen-
tation and easy student handling. The vehicle is based on a
remote-controlled chassis, which includes various components

to transform it into an autonomous vehicle. In comparison
to other educational robots listed in section II, this small-
scale hardware is very close to a real-world vehicle: Acker-
mann steering; real chassis system with damper and springs;
changeable vehicle hardware, e.g., tires; different drivetrain
setups, e.g., AWD and RWD; high-speed (max. 60 km/h) and
high acceleration (9 m/s2). All components displayed here
closely resemble those used in industrial applications, making
work on the car aligned with industry standards, and teach-
ing students these systems explicitly prepares them for their
first job after university. The car has an electrical all-wheel
drivetrain (AWD) powered by a 5000mAh lithium polymer
battery. A specially developed power distribution board powers
all electrical components. The F1TENTH vehicle has a 2D
LiDAR and a stereovision camera mounted on the front to
perceive its environment. The main computation unit is an
NVIDIA embedded GPU computer called Jetson Xavier NX
with an Ubuntu-based operating system (OS). Besides this,
the F1TENTH car does not have only one fixed hardware
setup that is used for teaching. A wide variety of hardware
components can be integrated. Figure 4 shows a combination
of three LiDARs, two mono cameras, three stereo cameras,
and three different computation units that can be used on the
F1TENTH vehicle.

Lidar

Camera - Stereo Computation

Hokuyo RP Sick

ZED OpenCV Intel
Nano NX AGX

Indoor GPS

Marvelmind

Camera - Mono

Pi OpenCV

Fig. 4. F1TENTH modular hardware: The vehicle offers the possibility
of combining and integrating various hardware components like cameras,
LiDAR, or computation systems.

This modular hardware setup of the F1TENTH vehicle
provides many advantages:

1) The possibility of switching to a different sensor com-
ponent is given. For example, the 2D LiDAR sensors
offer different sampling rates, field-of-views, and ranges.
Changing them on the vehicle impacts the autonomy
software, e.g., obtaining distance data of obstacles.
Another example is the use of different computing
hardware. By running the same software modules on
other computation hardware, the students experience
slower/faster algorithm calculation times, leading to
a slower/faster control frequency and ultimately to
worse/better car control. The NVIDIA Jetson computer
differs in the overall performance (TOPS, TFLOPS), the
number of GPU and CPU cores, RAM memory, and
SSD storage [36].

2) Based on the set of heuristics for developing educational
robots defined by [37], all 14 defined heuristics are
fulfilled. These include a high level of adaptability,
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TABLE I
OVERVIEW OF F1TENTH HARDWARE MODULES AND THEIR COMBINATION FOR DIFFERENT EDUCATIONAL LEVELS

Educational
Level

Loca
-lization

Mono
camera

Stereo
camera

2D
LiDAR

Main
Computation Unit

Indoor
GPS

Raspberry
PI

OpenCV
Oak-1

Intel
Realsense

D345i

Zed Mini
Zed

ZED2

OpenCV
Oak-D

Hokuyo
10LX
30LX

Sick RP
A3M1

Nvidia
Jetson
Nano

Nvidia
Jetson

NX

Nvidia
Jetson
AGX

High
School X X

University:
Undergraduate X X X

University:
Graduate X X X X X

Research and
Industry
Training

X X X X

the possibility for collaboration and communication, the
relevance of the autonomous driving task, and the list
of challenges provided for the students throughout the
course.

3) The modular hardware design of the F1TENTH vehicle
allows for its use across various educational levels,
thus broadening its impact. This adaptability means
that the F1TENTH can be customized to suit different
educational needs: a simplified hardware setup can be
used for high school students, while a more complex
configuration can be implemented for PhD researchers
or industry training (Table I). This versatility ensures
that the F1TENTH vehicle is an effective teaching tool
for a wide range of learners, from beginners to advanced
professionals.

V. F1TENTH VEHICLE: MODULAR SOFTWARE STACK

The hardware establishes the foundational capabilities and
limitations of an autonomous vehicle, defining the operational
boundaries of the system. However, the core functionalities
are developed within the software, enabling the complex
decision-making and control processes that replicate and re-
place human actions in conventional driving scenarios. The
complexity increases with each level of automation - more
profound knowledge and even more software is required. In
an autonomous vehicle, many software components need to
be combined; this is usually called a software stack. For
autonomous vehicles, this software stack consists of the three
big modules perception, planning, and control, which will
enable safe and robust autonomous operation in real-world
situations [38].

A. F1TENTH Stack

For the F1TENTH vehicle and the course, a completely
new software stack was developed by the authors consisting of
several software modules. The modules themselves are based
on well-known algorithms but were implemented in Python
and ROS2 to work on the F1TENTH vehicle. The software
stack consisting of the following software modules is displayed
in Figure 5.

Although many examples of software stacks are given
in research papers, the center of attention in this project

1
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Perception Planning Control
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Frénet Planner

Localization Pure Pursuit

StanleyLane Switcher

Detection

A
ct
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tio
n

LQR

MPCGraph Planner

Indoor GPS
Particle Filter

Yolo v4
April Tag

Fig. 5. Software modules for the F1TENTH vehicle

was to create a modular software stack. The goal was to
include as many different software modules as possible to
offer the students a wide variety of algorithms. First, this
allows teaching simpler algorithms at the course’s beginning
and moving on to more difficult algorithms later. Second, this
enables comparing the quality of all algorithms. For example,
all algorithms in the control module can track a predefined
path, but some algorithms achieve better tracking quality
than others. Third, all algorithms have a different need for
computation power and need to apply resources on either the
GPU or CPU. Fourth, since not all algorithms fit well together,
this modularity enables the demonstration of coupled effects
between the individual software modules. Figure 6 shows the
combination of three algorithms from the stack. The vehicle
tracks a reference trajectory (control) based on its current
pose (localization) while continuously generating new feasible
trajectories (planning) to avoid obstacles.

Driven Trajectory

Localization: Particle Filter
Vehicle Pose:
Position:  x=3.5m  y= -10.9m  
Heading: ѱ= 45°

Lateral 

Error e

Previous
Reference 
Trajectory

Path planner:
Frénet Planner

Path Control:
Stanly 

x

y

Obstacle

Fig. 6. Example of a combination of different software modules from the
F1TENTH software stack. Localization: Particle Filter; Local Path Planning:
Frenet Planner; Control: Stanley
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The perception modules consist of algorithms from the
field of localization and detection. With these algorithms, the
autonomous vehicle can find its position and heading (pose)
and detect obstacles (e.g. other vehicles) in front of it. The
perception modules in the F1TENTH stack consist of the
following algorithms.

• Localization - Indoor GPS: The car can get its absolute
pose states x, y, ψ from and indoor GPS hardware. This
hardware is localizing via triangulation and sends an
absolute position in a pre-defined area with an accuracy
of about 2 cm. In the simulation, the GPS position is
provided with absolute ground truth.

• Localization - Particle Filter: A particle filer is a
localization algorithm that uses a set of random positional
samples that update every detection to approximate the
car’s pose states x, y, ψ . When equipped with a LiDAR,
the vehicle can run a particle filter to localize based on
LiDAR point cloud detection and a beforehand created
map of the environment.

• Detection - AprilTag: An AprilTag is a set of 2D
barcodes designed to be detected quickly and accurately.
With camera calibration, AprilTag detection will provide
encoded information and the relative translation and
rotation between the camera and the opponent car [39].

• Detection - YOLO v4 Object Detection: A simple
neural network structure called YOLO [40] is used,
which takes in camera images and outputs bounding box
detection. Positional information can be calculated based
on camera calibration. Students can use a pre-trained
neural network or explore their own designs of neural
networks to perform object detection

The planning module consists of algorithms that plan a
trajectory in front of the vehicle. A trajectory consists of a
path (x- and y-position) and a velocity profile. The trajectories
need to be collision-free and enable a feasible vehicle behavior.
The planning modules in the F1TENTH stack consist of the
following algorithms.

• Simple Planner - Gap Follower: This algorithm finds
gaps in the LiDAR scan by finding the broadest range
of scan angles with the highest depth value displayed
by [41]. The vehicle plans its motion and steers in
the direction to follow the most significant gap to avoid
obstacles.

• Simple Planner - Lane Switcher. This algorithm creates
equispaced lanes that span the entire track and utilize
an optimal trajectory [42]. The algorithm switches to a
specific lane or back to the optimal trajectory when trying
to overtake an opponent.

• Advanced Planner - Sampling-based:. This algorithm
runs in a frenetic coordinate system and is based on a
semi-reactive method by [43]. This planner can select
goal coordinates in the Frenet-Frame of the track and
generate multiple trajectories to follow an optimal trajec-
tory and avoid obstacles.

• Advanced Planner - Graph-based: This algorithm de-
veloped by [44] generates a graph covering the track. The
nodes in the graph are vehicle poses in the world frame,

and the edges of the graph are generated trajectories
similar to those in the Frenet Planner. The algorithm then
selects appropriate actions for the vehicle from the action
set for overtaking and following.

Finally, the control module includes all algorithms that track
the desired path and velocity of the planned path. The control
modules consist of the following algorithms.

• Geometric Control - Pure Pursuit: This algorithm
developed by [45] uses a fixed distance look-ahead point
on the planned path (reference), a steering angle can be
calculated, making the vehicle steer correctly on the path.

• Geometric Control - Stanley Controller: This algorithm
was displayed in [46] and leverages a PD-controller. Here,
the goal is to minimize the heading and cross-track errors
(deviation from the reference trajectory). A correction
steering angle can be calculated based on both errors.

• Optimization-based Control - Linear Quadratic Reg-
ulator (LQR): This algorithm was displayed in [47]. The
LQR reduces the lateral error from the reference path and
optimizes a given cost function. The output is an optimal
vehicle speed and steering.

• Optimization-based Control - Model Predictive Con-
trol (MPC):. The MPC looks at a given receding horizon
into the future, predicts the vehicle behavior (vehicle
states) for these time steps, and then solves an optimiza-
tion problem based on constraints [48]. The output is
optimal vehicle acceleration and steering.

The modular software of the F1TENTH vehicle enhances
its versatility, allowing it to be used for a wider variety of
teaching purposes across different educational levels. Based
on discussions and interviews with former students and other
F1TENTH instructors, four distinct software setups have been
identified for different educational levels, as outlined in Table
II. This adaptability ensures that the F1TENTH can meet the
diverse needs of learners, from high school students to PhD
researchers and industry professionals.

VI. SIMULATION ENVIRONMENTS

While simulations are used in R&D to ensure the safety
and maturity of the algorithm, in education, it is used to teach
the proposed software components in a safe and reliable envi-
ronment. One source of failures is dismissed by excluding the
hardware, focusing on teaching the algorithm fundamentals,
and educating the students using software-in-the-loop (SiL)
environments. While a variety of simulation environments and
platforms for autonomous vehicles exists [49], this course
offers two simulation environments.

A. 2D-Simulator

For fast evaluation and testing of the code developed by
the students, a 2D simulation environment is provided [31].
Figure 7 shows the process and workflow of the F1TENTH
2D simulator and the related components.

This simulator’s advantage is that it is lightweight and runs
on all OS (Mac, Linux, Windows). The students can run their
developed code directly without any significant changes. The
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TABLE II
OVERVIEW OF F1TENTH SOFTWARE MODULES AND THEIR COMBINATION FOR DIFFERENT EDUCATIONAL LEVELS

Educational
Level

Perception Planning Control

Localization Detection
Follow

the
Gap

Lane
Switcher

Frenet
Planner

Graph
Planner

Pure
Pursuit Stanley LQR MPC

High School - X X
University:

Undergraduate - X X X

University:
Graduate

GPS
Particle Filter Yolo v4 X X X X X X

Research and
Industry
Training

GPS
Particle Filter Yolo v4 X X X X

Lidar

Real-World 
Track

Digital Twin – 2D Map

F1TENTH 2D Simulator

[ax,𝛿]Autonomous
Vehicle 

Software

Actions

Vehicle states:[x,y, ψ, v, β]
Lidar Scans:[0,1,3,1,5,.,2,1]

Observations

2D 
Rendering

Vehicle 
Dynamics

Observations
Actions

Analytics & Visualization

Logs

Fig. 7. Process and workflow of the F1TENTH 2D Simulator

simulation environment is set up in Python code and enables
the exchange with ROS2 via an additional bridge.

The 2D simulator allows for different racetracks to be
integrated. In the current course setup, over 20 real-world
racetracks are provided as a digital twin 2D map for the
simulation. The 2D environment is deterministic with realistic
vehicle dynamics based on a single-track vehicle dynamics
model [50], [51]. This means that the vehicle maneuvers
are closer to the physical limits and significant effects like
understeering and oversteering are simulated with a linear
tire forces approximation. The vehicle dynamics model needs
the longitudinal acceleration ax and the steering angle δ as
an action input. The 2D simulator then provides observa-
tions on certain vehicle states like position x, y, heading ψ,
vehicle velocity v, and the side slip angle β. In addition,
collision with the racetrack boundaries and other vehicles is
detected automatically, giving the students feedback that their
code failed. Additionally, a 2D LiDAR sensor simulation is
integrated. This enables simple perception-based algorithms
such as object detection (clustering) and localization methods.
Figure 8 shows an exemplary 2D rendering of the simulator
in a multi-vehicle environment.

The physics engine used in this simulator is faster than real-
time simulation and state serialization (loading and saving),

Fig. 8. Exemplary 2D rendering of the F1TENTH Simulator. The ego
vehicle is depicted as the orange box, driving in a multi-vehicle (grey boxes)
environment. The ego vehicle visualizes its LiDAR stream (blue lines), which
detects the obstacles and the walls along the track.

making this simulation environment interesting for running
experimental evaluations simultaneously. We provide an ad-
ditional tool that allows the students to visualize the collected
data in the simulator. This is necessary to gain insights
into vehicle behavior to debug the developed autonomous
driving software. Furthermore, this simulator has an Open AI
Gym [52] interface, enabling further education in the field of
reinforcement learning.

B. 3D-Simulator

While the current 2D F1TENTH simulation environment
serves its intended purpose well, it limits the development
and testing of algorithms such as camera-based object de-
tection, 3D LiDAR-SLAM, or vision-based end-to-end neural
networks. A multitude of 3D-capable simulation environments
exist in the robotics and automotive world to enable such
capabilities, allowing for the integration of new sensors and a
virtual representation of the test environment. One example of
such a simulator is CARLA [53] for the entire development
pipeline of full-scale autonomous vehicle algorithms. The
Donkey Simulator [54] is a simulation environment specif-
ically developed for a similarly sized robotics platform as
F1TENTH called Donkey, while Flightmare [55], developed
by Song et al., offers a realistic and good-performing simu-
lation environment for quadrotors. Currently, AutoDrive [56]
is the 3D simulator (Figure 9) that is heavily used for the
F1TENTH courses. In contrast to the previous environments,
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already has the F1TENTH vehicle included in its framework
and does not require custom vehicle modeling, adjustments of
the rendering environment, or the implementation of custom
dynamic models.

Fig. 9. Example 3D rendering in the AutoDrive [56] simulator.

VII. COURSE SURVEY

For this paper, a formal assessment was conducted in terms
of a student survey at the end of the semester from spring 2022
to spring 2024. The survey was handed out to the students
after finishing all mandatory work but before the final course
grade was given. The course survey was done at five different
universities, reaching 94 students in total. The survey was
anonymous so no demographic data (gender, ethnicity) was
collected this time. To exclude the bias created by various
instructors, teaching styles, and university setups, the focus of
the survey questions primarily assesses the usage of the vehicle
and the theme of ”racing” in the course [57]. To condense and
structure the survey results, four research questions are defined
that are answered with the help of the survey outcomes.

A. Q1: Does the course cover the necessary content to teach
autonomous driving?

First, the students are surveyed regarding the course content
and if, from the student’s perspective, the topic of autonomous
driving is covered holistically in the course. Survey questions
and results related to this research question are displayed in
Figure 10.

The results show that more than half of the students strongly
agree that the learning outcomes were communicated clearly
and that the complicated topics were displayed understandably.
Although it is evident that this course is teaching the complete
pipeline of autonomous driving, we see here potential to
make the material more apparent to the students. Exactly
73.4% of the surveyed students strongly believe they now have
a more fundamental understanding of autonomous driving
technology. The answer supports the feedback that 63.8%
of the students can reproduce the most important concepts
(perception, planning, control) from the field of autonomous
driving. This indicates that the course content contains all
essential aspects of teaching autonomous driving.

The intended learning 
outcomes for the F1TENTH 
course were clearly 
communicated from the 
beginning.

Complicated topics in the 
field of autonomous driving 
are displayed in an 
understandable and easy way.

I now have a more basic 
understanding of the subject 
of autonomous driving than 
before the course.

I can now reproduce and 
remember the important 
concepts from the field of 
autonomous driving

0% 0% 2.1% 34.0% 63.8%

Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

0% 0% 2.1% 35.1% 62,8%

Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

0% 0% 0% 26,6% 73,4%

Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

0% 2.1% 2.1% 31.9% 63.8%

Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

n: 94   m: 4.6   md: 5   std: 0.5

n: 94   m: 4.6   md: 5   std: 0.6

n: 94   m: 4.7   md: 5   std: 0.4

n: 94   m: 4.6   md: 5   std: 0.5

Fig. 10. Survey Results: These questions are related to the content of the
F1TENTH lecture. The students give feedback on the overall quality of the
lecture content. (n: number of answers, m: mean value, md: median value,
std: standard deviation)

B. Q2: Is the F1TENTH hardware the right tool to teach
autonomous driving hands-on?

Second, the students are surveyed regarding the usage of
the F1TENTH hardware. The goal is to get feedback on
whether the small-scale vehicle is a good support for teaching
autonomous driving-related topics and if it helps the students
learn content in this area. Survey questions and results related
to this research question are displayed in Figure 11 With a
mean value of 4.7, the students strongly agree that combining
theory and real hardware leads to a better learning outcome.
Additionally, 79.3% of the students strongly agree that the
F1TENTH vehicle is a good educational artifact. This reveals
that the proposed F1TENTH hardware has a high educational
value for learning about autonomous driving. Additionally, as
general feedback, the students answered the question, ”What
did you most like about the course?” with the following written
answers: Applying the code to real hardware; working with the
car; Cars and Hardware; Working with Hardware; the hands-
on work and the competitive spirit of the course.

C. Q3: Is the aspect of “racing” a good theme and concept
for an educational course?

Third, the students are surveyed regarding the course’s
racing theme and their thoughts on competing in three different
races with the F1TENTH vehicle. Survey questions and results
related to this research question are displayed in Figure 12.

The goal was to identify if the students felt that both
the topic of racing and the three races helped them stay
motivated and active in the course. With an average answer
of 4.7 and 4.5 to these questions, the students indicated that
they strongly agree that the racing setup helps them to stay
motivated. We conclude that the students acknowledged the
general course philosophy ”Competitions replace Exams” in a
way that they liked to come to the lecture and stayed motivated
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The examinations, labs 
and projects provided in 
this course measured my 
knowledge of the course 
material.

Combining theoretical lectures 
with the practical usage of the 
F1TENTH car (Hardware) is 
important to understand the 
fundamentals and algorithms in 
the field of autonomous driving.

I learned more about 
autonomous driving algorithms 
because I could apply them to 
the real hardware directly.

The F1TENTH hardware is a 
good educational artifact and 
helps students to learn more and 
more easily about autonomous 
driving.

The modular setup of the 
F1TENTH car (e.g. different 
sensors, different chassis 
components) is helpful to learn 
more about autonomous vehicle 
hardware.

0% 0% 3.2% 17.0% 79.8%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

0% 0% 4.3% 20.2% 75.5%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

0% 0% 1.1% 14.9% 84.0%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

0% 0% 2.1% 25.5% 72.3%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

0% 0% 7.4% 16.6% 76.6%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

n: 94   m: 4.7   md: 5   std: 0.5

n: 94   m: 4.7   md: 5   std: 0.5

n: 94   m: 4.8   md: 5   std: 0.6

n: 94   m: 4.7   md: 5   std: 0.6

n: 94   m: 4.8   md: 5   std: 0.5

Fig. 11. Survey Results: These questions are related to the usage of the
F1TENTH Hardware in the course. The students give feedback on the usage
of the hardware and if they think this vehicle helped them to learn more
about the topic. (n: number of answers, m: mean value, md: median value,
std: standard deviation)

The topic of Autonomous 
"Racing" helps to motivate me 
to learn more about autonomous 
vehicles and autonomous 
driving in the course.

Having the 3 F1TENTH races 
is a good way to keep me 
motivated and active in this 
course.

Having the 3 F1TENTH races is 
a good way to learn more about 
autonomous driving

0% 2.1% 10.6% 19.1% 68.1%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

0% 0% 9.6% 24.5% 64.9%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

0% 0% 3.2% 24.5% 72.3%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5
n: 94   m: 4.7   md: 5   std: 0.5

n: 94   m: 4.5   md: 5   std: 0.8

n: 94   m: 4.5   md: 5   std: 0.7

The topic of Autonomous 
"Racing" helps to understand 
more about autonomous vehicles 
and autonomous driving.

0% 0% 17% 23.4% 58.5%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5
n: 94   m: 4.4   md: 5   std: 0.8

Fig. 12. Survey Results: These questions are related to the racing theme of
the F1TENTH course and the three competitions throughout the semester. (n:
number of answers, m: mean value, md: median value, std: standard deviation)

throughout the whole semester. In addition, we wanted to
know if the students feel that both the topic of racing and
the three races help them understand and learn more about
autonomous driving. These questions were received with an
average of 4.4 and 4.5 — the lowest score in the survey.
Only 58.5% of the students strongly agree that the topic of
racing, albeit fun and motivating, has added value in helping
them learn the subject matter. The general observation was
that the racing tracks and rules often lead to more complex

vehicle behaviors that the lectures may not clearly explain.
Also, high speeds and high accelerations, which are often
needed for winning the races, usually favor simpler algorithms
in the reactive paradigm rather than more advanced planning
algorithms. Winning a race also calls for extensive trial-and-
error testing, which is a niche application/aspect often ignored
by most college courses and can be regarded as repetitive
without additional educational value.

D. Q4: Is the F1TENTH course helpful for the students’
career paths?

In the final questionnaires, the students are asked whether
the course was relevant to their future career plans and if this
course would help them get more involved in autonomous
driving. Survey questions and results related to this research
question are displayed in Figure 13.

The course was helpful in 
progress toward my degree.

The class preparation and 
content helped me 
accomplish my academic/ 
business/personal goal(s). 

0% 1.1% 7.4% 22.3% 69.1%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

0% 0% 4.3% 22.3% 73.4%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

0% 0% 7.4% 19.1% 73.4%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

The way the lecture is set up 
motivates me to engage with 
the content of autonomous 
driving even more.

I believe that what I’m being 
asked to learn in this course is 
important if I want to work in the 
field of autonomous driving in 
the future (research or industry).

0% 0% 5.3% 25.5% 69.1%
Strongly
Disagree

Strongly 
Agree

1 2 3 4 5

n: 94   m: 4.7   md: 5   std: 0.6

n: 94   m: 4.7   md: 5   std: 0.6

n: 94   m: 4.6   md: 5   std: 0.7

n: 94   m: 4.6   md: 5   std: 0.6

Fig. 13. Survey Results: These questions are related to the career perspectives
of the students. (n: number of answers, m: mean value, md: median value,
std: standard deviation)

73.4% of the students indicated that this course was helpful
in their progress toward their degree. Additionally, 73.4%
of the students strongly agree that the F1TENTH lectures
motivated them to engage more with the topic of autonomous
driving. Additionally, 69.1% of the students strongly agree
that the course teaches them important content if they want to
work in the field of autonomous driving in the future. It can
be concluded that the course setup provides the proper range
to teach future students the essential topics in the field of
autonomous driving. Furthermore, the course content provides
all the necessary know-how to prepare the students for their
first job after the university - either in research or academia.

VIII. DISCUSSION & IMPROVEMENTS

A. Course Design - Overall

The goal of the F1TENTH course is to teach autonomous
systems more hands-on and to combine the theory of percep-
tion, planning, and control with the application of the learned
content on an actual autonomous vehicle. The F1TENTH
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car fulfills these requirements by offering a 1:10 small-scale
platform to the students. By keeping the hardware and software
close to industry practices, the course creates a sense of
authenticity among learners and supports them better to engage
with questions regarding software and hardware development
for autonomous systems. The survey results confirm the hy-
pothesis that the F1TENTH vehicle is an excellent educational
artifact and helps students to learn more and more efficiently
about autonomous driving.

The student’s feedback in the survey indicated that the
course provides the right content to teach autonomous driving.
More than 80% of the students strongly agree that the hard-
ware platform and lab modules greatly motivate their learning,
and more than 70% of the students strongly agree that the
hardware enhanced their understanding of the subjects. Based
on this finding, it can be concluded that teaching autonomous
driving with hands-on application is helpful in supporting
student learning.

B. Course Design - Competition

In contrast, survey results on racing competitions show that,
although more than 80% of the students strongly agree that
the competitions motivate them, only 50% strongly agree that
the competitions enhance their learning outcomes. Therefore
the topic of racing is an excellent way to motivate the students
throughout the semester, but it has no additional educational
value. However, we believe that after learning the funda-
mentals from the course, the students can properly connect
the advanced concepts and optimize the different modules
within the races. They can make a vehicle project superior
to others, which can be an excellent way to judge students’
understanding through some healthy competition. Therefore,
we conclude that new theme formats with the vehicle need to
be explored for an improvement of the course, for example, a
cargo delivery theme or a valet parking theme.

C. Hardware

Both the displayed hardware and the software stack provide
a highly modular setup to teach content in the field of
autonomous driving. This modularity and variety of hardware
and software were not provided by any other course yet. This
setup allows the teacher to teach various autonomous driving
content in perception, planning, and control. As a significant
advantage, the modular hardware will enable teachers to
teach autonomous systems at different educational levels. The
F1TENTH course design carefully considers the optimization
of resources to balance cost and functionality. While the
current estimated cost of the F1TENTH vehicle is around 3500
USD, this pricing reflects a strategic selection of components
that provide the necessary performance for educational and
research purposes without excessive expenditure.

On the downside, currently, the F1TENTH hardware has
high costs, which means that not all universities or schools
can afford ten or more cars for their students. In the future,
the aim is to reduce the costs of vehicle hardware to create a
more economical solution that can be taken up by a broader
variety of schools, not just the resourceful ones.

D. IV research and application
Since all course material, hardware setup instructions, and

the software stack are made open-source, the adaptation rate
of the F1TENTH course by various universities is much easier.
The co-authors of this paper are all instructors of a version of
the F1TENTH course at their home universities and adapted
the usage of the F1TENTH vehicle as part of their teaching.
Additionally, regular international competitions are offered so
students from different universities can meet each other at
conferences and compete with their F1TENTH vehicles.

Furthermore, the F1TENTH hardware is currently used in
various research projects to evaluate the next generation of
algorithms for autonomous and intelligent vehicles. As a low-
cost, low-risk platform, the F1TENTH vehicle is ideal for
performing research in challenging settings that would be
dangerous with full-scale vehicles, such as high-speed off-
road driving [58]. The usage of multiple F1TENTH platforms
also makes it particularly conducive to multi-agent controls
research, where it is feasible to demonstrate state-of-the-
art distributed controller synthesis on multiple F1TENTH
cars [59] or doing IV-related research [60]–[62].

IX. SUMMARY

This paper presents a new teaching course and hardware
platform for hands-on teaching of autonomous systems. The
article describes the course syllabus and teaching modules,
which aim to teach autonomous driving fundamentals hands-
on. From basic reactive methods to advanced planning al-
gorithms, the teaching labs enhance students’ computational
and systems thinking through autonomous driving with the
F1TENTH vehicle. The hardware setup of the F1TENTH
vehicle and the software stack for the vehicle and course
are explained in detail. Both modular setups allow teaching
autonomous driving on different educational levels: simple
hardware and algorithms in the beginning and more complex
hardware and algorithms in the end. With this design, teaching
the theoretical fundamentals and applying them to real-world
hardware is possible.

Furthermore, all work presented in this paper is made
available open-source and interested students, teachers and
researchers can access the F1TENTH course material on
openEdx, F1TENTH hardware build, F1TENTH 2D Simulator
and the F1TENTH software stack online.
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