
Czech Technical University in Prague

Faculty of Electrical Engineering
Department of Cybernetics

Multi-robot Systems

Learning High-Speed Flight

of Unmanned Aerial Vehicle

in Cluttered Environments

Bachelor’s Thesis

Vı́t Knobloch

Prague, May 2023

Study programme: Open Informatics
Specialization: Artificial Intelligence and Computer Science

Supervisor: Ing. Robert Pěnička, Ph.D.
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Abstract

Unmanned Aerial Vehicles (UAVs) and particularly quadrotors have become in-
creasingly popular in recent years. Their high versatility allows their deployment
in many tasks such as infrastructure inspection, farmland monitoring, delivery, and
reconnaissance. Consequently, their autonomous capabilities are being researched to
decrease the need for human supervision. Many of the tasks where quadrotors are
used require high-speed 
ight such as search and rescue, cinematography, protected
airspace guarding, and more. This thesis describes a method using policy trained
with deep reinforcement learning to perform perception-aware high-speed 
ight of
a quadrotor in simulated environments cluttered with obstacles. A computationally
e�cient learning environment is presented and paired with an existing reinforcement
learning library to train the policy. The approach is tested in several environments
on a number of tracks and the resulting behavior is described. The policy is able to
control the quadrotor 
ight through multiple waypoints in a cluttered environment
while using depth sensor information to avoid collisions.

Keywords Unmanned aerial vehicles, Automatic control, Simultaneous planning
and control, Deep reinforcement learning, Quadrotor, Learning environment, Simu-
lator, High-speed 
ight, Perception-aware 
ight
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Abstrakt

Bezpilotn�� vzdu�sn�e prost�redky a zejm�ena kvadrokopt�ery se v posledn��ch letech za�caly
hojn�e vyu�z��vat, jejich obratnost a v�sestranost z nich d�elaj�� ide�aln�� prost�redky pro
v�ykon nejr�uzn�ej�s��ch �ukol�u jako inspekce, mapov�an�� a prohled�av�an�� ter�enu, moni-
torov�an�� r�uzn�ych prostor, hl��d�an�� st�re�zen�eho vzdu�sn�eho prostoru a mnoho dal�s��ch.
V n�avaznosti na to je prov�ad�en rozs�ahl�y v�yzkum v oblasti jejich autonomn��ch
schopnost��, aby bylo mo�zn�e tyto �ukoly automatizovat. Pro mnoho z t�echto �uloh je
nezbytn�a schopnost dronu pohybovat se rychle ve slo�zit�ych prost�red��ch. Tato pr�ace
popisuje metodu vyu�z��vaj��c�� hlubok�e posilovan�e u�cen�� k nau�cen�� agenta schopn�eho
ovl�adat vysokorychlostn�� let kvadrotoru v simulovan�em prost�r�ed�� s p�rek�a�zkami. Bylo
vytvo�reno tr�enovac�� prost�red�� a napojeno na existuj��c�� knihovnu s implementacemi
algoritm�u hlubok�eho posilovan�eho u�cen��. Chov�an�� nau�cen�eho agenta je otestov�ano v
n�ekolika prost�red��ch a na r�uzn�ych tras�ach. Nau�cen�y agent je schopn�y ovl�adat dron
p�ri letu vysokou rychlost�� ve slo�zit�ych prost�red��ch skrze n�ekolik zadan�ych c��l�u a
vyu�z��vat data ze simulovan�eho hloubkov�eho senzoru, aby se vyhnul p�rek�a�zk�am.

Kl���cov�a slova Bezpilotn�� prost�redky, Automatick�e �r��zen��, Sou�casn�e pl�anov�an�� a
�r��zen��, Hlubok�e posilovan�e u�cen��, Kvadrokopt�era, Tr�enovac�� prost�red��, Simul�ator,
Vysokorychlostn�� let, Let s v�edom�ym vn��m�an��m
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Abbreviations

FOV �eld of view

GPS global positioning system

LiDAR light detection and ranging

UAV unmanned aerial vehicle

PPO proximal policy optimization

TRPO trust region policy optimization

KL Kullback{Leibler divergence

MDP Markov decision process

POMDP partially observable Markov decision process

RL reinforcement learning

DRL deep reinforcement learning

CNN convolutional neural network

ReLU recti�ed linear unit

FW �xed-winged

RW rotary-winged

VTOL vertical takeo� and landing

SDF signed distance �eld

LV linear velocity and yaw rate

CTBR collective thrust and bodyrate

SRT single-rotor thrust
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Chapter 1

Introduction

Unmanned aerial vehicles (UAVs) became very popular over the course of the twenty-
�rst century with an ever-increasing amount of research into their hardware and autonomous
capabilities. Conventionally UAVs are telemetry monitored and operated by a pilot on the
ground, either nearby or far away [2]. Lately, more focus is put on the development of au-
tonomous control and planning algorithms to limit the need for human supervision. First
UAVs have been large aircraft with military applications. But with the advancement of mo-
tors, GPS receivers, telemetry sensors, and microcontrollers, new smaller UAVs have been
created and found applications in many areas including photography and �lmmaking, infras-
tructure inspection, recreation, search-and-rescue, express delivery, and surveillance [2].

There are two main types of UAVs: �xed-winged (FW) and rotary-winged (RW). Fixed-
winged design is simpler and more energy e�cient and generally capable of carrying larger
payloads. However, FW UAVs are incapable of vertical takeo� and landing (VTOL) and have
to move forward in order to retain lift, this makes them impractical or unusable for many
use cases. Rotary-winged UAVs have rotors that provide thrust, they are more agile, able to
take o� and land vertically, and hover in one place. Even though RW UAVs are less energy
e�cient, their advantages have made them the most popular design [2].

The thesis is about the use of reinforcement learning for simultaneous planning and
control of perception-aware high-speed 
ight of an autonomous quadrotor with an onboard
depth sensor. We say the agent is perception-aware when it actively uses sensor data about the
surrounding environment to gain situational awareness. An introductory video showing some
key components of our approach is available in Appendix A and on YouTube1. A quadrotor is
a rotary-winged UAV with four rotors. Opposing pairs of rotors rotate in the same direction
while neighboring rotors rotate in opposite directions. This allows for easy attitude control
as yaw, pitch, and roll can be controlled by just changing the rotational speeds of individual
rotors. Quadrotors are widely used and probably the most popular and researched design
of UAVs. Planning and control for high-speed 
ight of autonomous quadrotors in unknown
environments remains an open problem despite a lot of e�ort put into the research. Physical
models have limited accuracy, and so do sensors onboard the quadrotor. The computational
resources available online onboard are also limited and more computation means less bat-
tery life and as a result less 
ight time. Cluttered environments and fast 
ight pose another
di�culty as such navigation requires highly agile maneuvering.

Existing solutions, that are e�cient enough to compute onboard in 
ight, mostly use
polynomial trajectory planning [11] or imitation learning [1], [7]. Polynomial trajectories are
suboptimal for minimum-time 
ight because of the inherent smoothness of polynomials. Im-
itation learning has shown promising results when a sampling-based teacher was used in [7]
to train a neural policy network to 
y in unknown environments at speeds unreachable by
polynomial trajectories. Most of the existing methods output a trajectory to be followed by

1 Introductory video on YouTube: https://youtu.be/7mR8IvWtQWU
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