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Abstract

This work proposes a system for seman-
tic surface segmentation for autonomous
driving control.

A fully convolutional neural network of
U-net architecture was trained for seman-
tic surface segmentation. Learning and
validation was performed on a manually
annotated data set, which was collected
within this work. A modified focal loss
function was used to improve the accu-
racy and robustness of the classification.
The modification includes weighting of
individual pixels according to their posi-
tion in the image. The resulting model
shows higher accuracy and robustness of
segmentation than the model trained with
cross-entropy, a common loss function.

The semantic segmentation system was
implemented into an existing subscale mo-
bile platform based on the RC model. To
verify the functionality of the proposed
solution, experiments were performed in
a real environment. The experiments con-
sisted of autonomous drive of the plat-
form on a selected surface. This was done
by processing the segmentation map by
simple algorithm resulting in heading ref-
erence. Having the reference computed,
P controller is used to control the velocity
and steering of the vehicle.

The performed experiments showed the
ability of the proposed solution to pro-
vide a segmentation map with sufficient
accuracy for autonomous driving of the
subscale vehicle.

Keywords: neural network, CNN,
semantic segmentation, UNet,
autonomous driving, surface
segmentation

Supervisor: Ing. Jan Čech, Ph.D.
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Abstrakt

Tato práce se zabývá návrhem systému
pro sémantickou segmentaci povrchu pro
autonomní řízení.

K sémantické segmentaci povrchu byla
natrénována plně konvoluční neuronová
síť U-net architectury. Učení a validace
proběhlo na ručně anotovaném datasetu,
který vznikl v rámci této práce. Za účelem
zlepšení přesnosti a robustnosti klasifikace
byla použita modifikovaná fokální ztrá-
tová funkce. Modifikace spočívá ve váho-
vání jednotlivých obrazových bodů podle
jejich pozice v obrazu. Výsledný model
pak vykazuje vyšší přesnost a robustnost
segmentace, než model natrénovaný s kří-
žovou entropií, běžně používanou ztráto-
vou funkcí.

Systém sémantické segmentace byl im-
plementován do již existující platformy
založené na modelu RC auta. K ověření
funkcionality byly provedeny experimenty
v reálném prostředí. Experimenty spočí-
valy v autonomní jízdě vozidla po předem
daném povrchu. Toho bylo docíleno zpra-
cováním segmentační mapy jednoduchým
algoritmem, jehož výstupem je směrová
reference. K řízení rychlosti a zatáčení
jsou použity P regulátory.

Provedené experimenty ukázaly schop-
nost navrženého řešení zajistit segmen-
tační mapu s dostatečnou přesností pro
autonomní jízdu vozidla.

Klíčová slova: neuronové sítě, CNN,
sémantická segmentace, UNet,
autonomní řízení

Překlad názvu: Sémantická segmentace
povrchu pro RC model auta
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Chapter 1

Introduction

For most of a robotic applications, environment sensing is an essential ability.
This is especially true for autonomously operating robots, including cars or
aerial vehicles. The development of both hardware and software in recent
years allowed the use of advanced and highly precise machine perception
techniques. A large area of machine perception is machine vision. Machine
vision may be described as a discipline of using computer vision in robotic
applications. With high resolution cameras, high performance computational
technologies (CPUs and GPUs) and advanced machine learning algorithms,
the machine vision is nowadays used in a huge variety of industry areas.
Examples can be found in medical diagnosis [RFB15b], agriculture [MLS18]
and of course in autonomous vehicles development ([SGA+ 18, YLCT20 ]). All
these applications require robust and reliable systems for tasks including
classi�cation, recognition, identi�cation, segmentation, regression and many
others.

With a focus on automotive industry, semantic segmentation plays a crucial
role in autonomous driving capabilities. In order to get information about a
type of objects around a vehicle, semantic segmentation of camera images is
used. Resulting the so called segmentation maps then hold information what
type of object (car, pedestrian, etc.) or surface (road, grass, pavement, etc.)
is located on each pixel (see Fig 1.1). Information about a surface in front
of a car may be used in large variety of practical applications. They include
autonomous driving systems or driver assistance systems [BFP+ 20].

The aim of this work is:
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1. Introduction .....................................

Figure 1.1: Example of car-mounted camera image semantic segmentation
reproduced from [BFC09]..1. To develop a reliable surface segmentation system relying on a front

camera, to analyse results and to integrate the system into a multi-sensor
sub-scale vehicle...2. To implement simple path tracking algorithm and perform autonomous
drive experiments in a real environment as a proof-of-concept.

The rest of the thesis is structured as follows: First, the TOMI platform
is introduced in Chap. 2. All on-board sensors and computing devices are
described and the architecture and functionality are covered. Chap. 3 reviews
current state-of-the-art semantic segmentation algorithms and presents ar-
chitecture selected for the purpose of this thesis. Then, data set used for
training, validating and testing is presented in Chap. 4, including synthesised
data. Neural network training process, including data preprocessing and
augmentation, loss function proposal and accuracy evaluation, is covered
in Chap. 5. In Chap. 6, all the modi�cations made to TOMI platform are
described. Results of semantic segmentation model training are presented
and analysed in Chap. 7. Chap. 8 presents autonomous drive experiments
and evaluates them. And �nally, results are concluded in Chap. 9.

ctuthesis t1606152353 2



Chapter 2

TOMI Platform

Experimental drives are performed on a Toyota Mini (TOMI) sub-scale vehicle
platform. This multi-sensor platform built on an RC car model was developed
in Toyota Lab at the CTU. The author of this thesis was one of developers.
However, some modi�cations were necessary to be done for the purpose of
this work. All those adjustments are listed and described in Sec. 6 and were
done as a part of this work.

The TOMI platform was designed to be a multipurpose development
subscale vehicle platform for various experiments. Data from all sensors
(including RC throttle and steer signals) are logged. The on-board computer
with integrated GPU provides high computational power for machine learning
applications.

By the time of writing of this thesis, the TOMI platform was used for
experiments in several other diploma theses. Detailed description of the
platform can be found in [BFP+ 20].

2.1 Hardware

TOMI platform is based on an RC car model instrumented with several
on-board computers, various sensors and data drives. Extra battery packs
were mounted in order to provide independent and stable power supply for

3 ctuthesis t1606152353
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