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Abstract—Autonomous driving is expected to be the next
revolution in transportation. In recognition of this, the RDW
each year hosts a self-driving challenge. Within the context of
this contest, this thesis focuses on how autonomous driving can
be achieved solely dependent on camera input and classical
computer vision methods. The focus of the thesis is placed on lane
detection, vanishing point based control, real time image stitching
and optical flow odometry. Lane detection showed great results
for multiple scenarios. Vanishing point based control worked
really well as long as both road sidelines are visible. Camera
stitching was unfortunately not achieved in real time due to
poor environmental keypoints and unstable cameras, but only
when manually calibrated on a video frame. Optical flow based
odometry shows decent results but is likely out competed by IMU
units and GPS.

I. INTRODUCTION
A. Social relevance

A little over a hundred years ago horse carriages filled
the streets of cities in the western world. Since then, cars
have become the primary mode of human transportation. Cars
have seen a lot of improvements over the years making
them faster, safer, and more comfortable. The automotive
industry is now working on the next step: autonomous driving.
Autonomous vehicles have many advantages. because they are
more efficient, safer, have positive economic benefits and give
freedom to those who can’t currently drive by themselves.
They are more efficient due to shorter reaction times and
communication between vehicles which reduces congestion.
They are safer because human errors due to distractions
or fatigue are eliminated. Both these previous factors have
economic benefits due to less congestion, damage and delays
from accidents. Moreover, because people don’t have to drive
themselves they are able to be more productive as well.
Furthermore autonomous vehicles give independence to those
who are currently considered unsuitable to drive, such as the
disabled. [2]. For these reasons, fully autonomous vehicles are
expected to be the future of human transportation [1] [3].

B. Scientific relevance

Although lane detection has been researched for many years
already, there is still a lot that has to be explored. Even though
model based detection approaches are very popular nowadays,
feature based approaches still have their place. Model based
lane detection algorithms are often black box models making
it more difficult to understand what’s going on. Furthermore,
in many applications in robotic limited hardware is available
or expensive options are not desirable due to the production
scale of a product.

C. RDW selfdriving challenge

The RDW is an independent Dutch governmental organ-
isation that is responsible for the national registration of
motorised vehicles. Since they recognize the importance of
developing autonomous vehicles, they each year host the RDW
self driving challenge. This is a competition for educational
institutions to complete a race track as quickly as possible
using a self-driving kart. In the 2024 edition there are two
categories: the closed and open category. The open category
has the freedom to design and build their own car within the
rules of the RDW. Closed category participants all share the
same car provided by the RDW and cannot make any hardware
adjustments. For this research only the closed category will be
considered. This means that the hardware is pre-determined by
the RDW and outside the scope of this paper.

D. Research Scope

There are several factors that narrow down the scope of the
research. First of all, due to the challenge task division, any
tasks involving object detection and lidar involvement are not
considered here. This mainly involves the recognition of traffic
signs, traffic lights and other objects like the pedestrian, the car
that needs to be overtaken and the barrier around the parking
spot. Furthermore, the closed category of the challenge does
not allow for any adjustments to be made to the car. Therefore,
the entire hardware of the car is outside the scope of this
research as well. Lastly, the time and weather conditions are
limited to dry daytime weather. A lot of electronics are placed
uncovered on the outside of the car, it is consequently not
possible to drive during rain or in whet conditions. Regarding
the daytime limit, all testing and recording time slots were
during the day, so no nighttime footage could be recorded.

E. Research Questions

Based on everything the following research question was
decided: "How can autonomous driving be achieved solely
dependent on camera input and classical computer vision
methods?”

This can be further subdivided into several questions.

o How can optical flow be utilized to track the movement

of an autonomous vehicle and construct a road map?

o How can lane detection be achieved only using cameras

and classical computer vision methods?

e« How can real-time camera stitching be realized with

unstable cameras?

e How can road markings be used to find the vanishing

point and control the vehicle?



FE. Report structure

The report is structured as follow. Section 2 contains related
work of all relevant topics to the research. Section 3 includes
the methods chosen and experiments conducted. The results
of the experiments are then displayed in section 4. Section 5
interprets and discusses the results found and finally section
6 is the conclusion, where the research questions will be
answered.

II. RELATED WORK

Reda et al (2024) divide the Autonomous Driving System
into six stages: sensors, perception, localization, assessment,
path planning, and control [14]. These are the six layers
required to achieve autonomous driving. The sensor stage is
just measuring the environment. In this case this is mainly
done through the three cameras, but also by the other in-
cluded sensors. perception is about interpreting this data. This
includes lane detection. localization is about determining the
cars position. Vehicle tracking does this relative to the staring
point. assessment is about risk calculation. This step is not
considered in this research. Path planning concerns generating
a path from the current position of the car to the desired
location. Finally, control ensures the car stays on this desired
path.

A. Lane Detection

For a vehicle, to be able to drive autonomously, based on
a camera input, it should be able to distinguish the road its
driving on. This is called road lane detection or lane detection.
Because lane detection is a fundamental step in autonomous
driving, there are many papers published on lane detection.
They can generally be subdivided into two categories: feature
based lane detection and deep learning, or model based lane
detection [6] [7]. As the name suggests deep learning based
methods are based on deep learning and use neural networks
to find the road lanes. An overview of deep learning based
methods can be found at Zao et al (2020) [7]. Feature
based or traditional lane detection relies on classical computer
vision methods, which use mathematical techniques to detect
road markings as geometric shapes. Traditional approaches
typically consist of two steps. The first step takes an image
and after a couple of prepossessing steps, implements some
form of edge detection, typically canny edge detection is used.
The second step takes the edges and applies a line fitting
algorithm to find the lane lines [7] [8]. There are several
ways of implementing line fitting. Muthalagu et al (2020)
present a minimalistic approach that uses Hough transform
and linear regression for line fitting [20]. Hu et al (2010) use
guided RANSAC to find the road markings [21]. Jiang et al
(2011) first change perspective to a birds eye view, before
applying edge detection and line fitting in a top perspective
[19]. Sometimes a tracking step is included to use information
of a previous frame to find the lines in a consecutive frame.
Bottazzi et al (2014) for example use Lucas Kanade tracking
to track the lane lines [18].

Traditional approaches have several advantages in compar-
ison to deep learning based lane detection. First of all they
are very accurate in detecting geometric features in a clear
environment, which is very beneficial when looking for road
markings. Secondly, Traditional methods are computationally
less expensive, making them run more efficient with limited
hardware options. In addition to this no dataset and model
training is required. Lastly feature based lane detection is
easier to understand than deep learning based approaches.
Deep learning often relies on a black box model where it
is difficult to understand why decisions are made. As a result
deep learning based models are harder to understand, explain
or debug. Deep learning based approaches typically excel in
their versatility, adaptability and ability to perform when lanes
are less visible. Traditional approaches are typically tuned
to specific circumstances and their accuracy declines when
applied in a different environment or with less visibility.

B. Vanishing point

A vanishing point is a point where all lines that are parallel
in the real world, intersect in an image. The vanishing point is
always located on the horizon. On a road with no elevation, all
road lane lines intersect in the vanishing point. For this reason
the vanishing point can be very useful when trying to find road
lanes. T. Youjin et al use the vanishing point to estimate the
best road lines [12]. Moghadam et al uses road structures and
markings in unstructured environments to locate the vanishing
point [13].

C. Odometry

Odometry uses sensor data to estimate robotic movement. In
case of a car, the this means tracking its traveled path. In many
applications GPS is used to determine a location. Since gps is
not super accurate on shorter distances and does not always
work as well, like inside a tunnel, its is often combined with
other sensors. Many applications in robotics use an inertial
measurement unit (IMU). An IMU contains an accelerometer,
a gyroscope and a magnetometer. These can predict the orien-
tation of the sensor based on its movement. There are several
other methods to realize odometry. Bohlmann et al (2012)
implemented automated odometry self-calibration for car-like
robots [26]. Zhang et al (2014) use Lidar based odometry for
real time mapping [23]. Odometry based on camera inputs
is called visual odometry. Bahnam et al (2021) use multiple
cameras for stereo based odometry, while Zhang et al (2022)
researched monocular visual odometry, which is only based
on a single camera [25] [24].

D. Control

Once it is determined where the road lanes are, the car still
needs to determine where to drive to stay on the road. This is
where the path planning and control stages of the autonomous
driving system come in [14]. Path planning entails creating a
path to get from where the car is currently, to where it wants
to go. Control then ensures that it actually stays on this path.
Due to the stable nature of autonomous cars, they typically






