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Resumen

Recientemente, hay una explosión de aplicaciones civiles de los robots
aéreos, más allá de las aplicaciones militares, la inspección industrial, la
agricultura de precisión y las tareas de búsqueda y rescate. Con el fin de
ayudar a los robots aéreos a lograr misiones autónomas, esta tesis presenta
tres estrategias novedosas de prevención de colisiones dinámicas que utili-
zan diferentes sensores a bordo, un algoritmo de navegación autónomo y un
método de exploración autónomo que utiliza el sensor RGB-D, respectiva-
mente.

La prevención de colisiones juega un papel crucial para las misiones
autónomas en entornos dinámicos desconocidos y sigue siendo un problema
de investigación en curso. Cuando se opera en entornos dinámicos, la preven-
ción de colisiones necesita algoritmos rápidos y robustos para la localización,
el control y la planificación. En el caṕıtulo 3 se presentan tres estrategias
dinámicas para evitar colisiones, respectivamnente un método de prevención
de colisiones basado en una cámara monocular, una estrategia de preven-
ción de colisiones basada en la detección y determinación de la luz (LiDAR)
y un enfoque de prevención de colisiones basado en una cámara RGB-D.
El algoritmo de prevención de colisiones basado en el Aprendizaje Profun-
do utiliza un detector de obstáculos basado en el aprendizaje profundo, un
algoritmo de estimación de pose basado en Perspectiva-n-Punto iterativa
(PnP), un Planificador de movimiento de optimización hamiltoniana cova-
riante de horizonte en retroceso (RH-CHOMP) basado en el planificador de
trayectorias y un controlador basado en Model Predictive Control (MPC).
Las innovaciones de este trabajo son la detección de colisiones basada en
la cámara RGB que puede ayudar al UAV a reducir el tamańo y la carga
útil a bordo en comparación con otros sensores avanzados como LiDAR y
cámaras de profundidad. La prevención de colisiones basada en LiDAR y la
prevención de colisiones basada en la cámara RGB-D se basan en el mismo
marco. El marco utiliza una detección de colisiones basada en el campo de
distancia euclidiana (EDF), un planificador de ruta basado en el árbol alea-
torio de exploración rápida (RRT) de EDF, una generación de trayectoria
polinomial y un controlador basado en MPC. La diferencia entre la preven-
ción de colisiones basada en LiDAR y la prevención de colisiones basada en
la cámara RGB-D es que el mapa de profundidad de la cámara RGB-D se
transformaŕıa primero en escaneo láser. Las principales aportaciones de la
solución propuesta son: 1) Se utiliza un algoritmo robusto de comprobación
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de colisiones basado en EDF. Este algoritmo es no depende de la geometŕıa
de los obstáculos. El método presentado solo usa una profundidad cámara
para evitar colisiones. El mapeo EDF es rápido y se puede aplicar en tiem-
po real. 2) La robustez del algoritmo propuesto se ha validado en diferentes
entornos dinámicos, funcionando a bordo.

La navegación autónoma en entornos desordenados es un tema de in-
vestigación clave en la comunidad de investigación robótica. Con el fin de
proporcionar una solución eficiente para este tema, en el caṕıtulo 4 se pro-
pone una innovadora planificación de movimiento basada en RGB-D junto
con estrategia de navegación autónoma. La cámara RGB-D se utiliza para
proporcionar las nubes de puntos para el mapeo EDF. Esta estrategia utili-
za un nuevo algoritmo de generación de candidatos de ruta basado en RRT
y se introduce un algoritmo RH-CHOMP mejorado para generar la trayec-
toria libre de colisiones. La trayectoria finalmente se env́ıa a un controlador
basado en MPC para rastrear. Los resultados experimentales muestran que
el algoritmo presentado supera al estado de la técnica y puede ayudar al
robot aéreo a lograr un vuelo de alta velocidad.

Los robots aéreos se utilizan ampliamente en aplicaciones de búsqueda
y rescate debido a su pequeńo tamańo y gran capacidad de maniobra. Sin
embargo, diseńar un algoritmo de exploración autónomo sigue siendo una
tarea desafiante y abierta, debido a la carga útil limitada y los recursos
informáticos a bordo de los UAV. El Caṕıtulo 5 proporciona una novedosa
soluciuón al problema de la exploración a partir de la información suminis-
trada por las c´ámaras RGB-D. Este algoritmo utiliza nubes de puntos de
dichas cámaras RGB-D para generar el mapa de cuadŕıcula de ocupación
3D. Las partes de innovación de este algoritmo de exploración autónomo
son: 1) Clúster de frontera basado en Kmean ++ y selección de frontera
basada en ganancia de información para acelerar el proceso de exploración.
2) Un algoritmo de generación de corredor de vuelo seguro que permite un
vuelo seguro.

Todos los algoritmos propuestos en esta tesis están validados en experi-
mentos de simulación y experimentos de vuelo reales. Los resultados experi-
mentales muestran que los algoritmos propuestos pueden finalizar con éxito
las tareas de prevención de colisiones, navegación autónoma y exploración
autónoma. Al compararlos con el estado de la técnica, todos los algorit-
mos propuestos tienen un buen rendimiento. Los algoritmos para evitar
colisiones basados en RGB-D tienen una mayor tasa de éxito en vuelos de
alta velocidad. El algoritmo de planificación de movimiento y navegación
autónoma puede volar una trayectoria más corta y lograr una mayor tasa
de éxito en cuatro entornos desafiantes diferentes. La exploración autónoma

IV
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puede lograr un tiempo más corto y una ruta más corta en tres entornos
diferentes y puede guiar a un robot aéreo para realizar tareas de explora-
ción autónomas. Con todo, esta disertación puede proporcionar una buena
referencia para la planificación y exploración de movimiento de veh́ıculos
aéreos no tripulados (UAV) en entornos dinámicos desafiantes.

V





Abstract

Recently, the aerial robot is widely applied in an increasing number
of civilian fields such as industrial inspection, precision agriculture, and
search and rescue tasks. In order to help aerial robots to achieve autonomous
missions, this dissertation presents three novel dynamic collision avoidance
strategies using different onboard sensors, one autonomous navigation al-
gorithm, and one autonomous exploration method using the RGB-D sensor
respectively.

Collision avoidance plays a crucial role for autonomous missions in unk-
nown dynamic environments and still remains an ongoing research problem.
When operating in dynamic environments, collision avoidance needs fast and
robust algorithms for localization, controlling and planning. Three dynamic
collision avoidance strategies, such as a monocular camera-based collision
avoidance method, a Light Detection and Ranging (LiDAR)-based colli-
sion avoidance strategy and an RGB-D camera-based collision avoidance
approach are presented in chapter 3. The monocular camera-based colli-
sion avoidance algorithm uses a deep learning-based obstacle detector, an
Iterative Perspective-n-Point (PnP)-based pose estimation algorithm, a Re-
ceding Horizon-Covariant Hamiltonian Optimization Motion Planner (RH-
CHOMP)-based trajectory planner, and a Model Predictive Control (MPC)-
based controller. The LiDAR-based collision avoidance and the RGB-D
camera-based collision avoidance are based on the same framework. The
framework uses a Euclidean Distance Field (EDF)-based collision detecting,
an EDF-Rapid-exploring Random Tree (RRT)-based path planner, a poly-
nomial trajectory generation, and an MPC based controller. The difference
between the LiDAR-based collision avoidance and the RGB-D camera-based
collision avoidance is that the depth map from the RGB-D camera would
be transformed to laser scan first. The main contributions of the proposed
solution are: 1)A robust EDF-based collision checking algorithm is presen-
ted, which doesnot depend on the geometry of the obstacles. The presented
method only uses a depth camera for collision avoidance. The EDF mapping
is fast and can be applied in real-time. 2) The robustness of the proposed
algorithm has been validated in different dynamic environments, running
onboard.

Autonomous navigation in clutter environments is a key research topic in
the robotic research community. In order to provide an efficient solution for
this topic, an RGB-D based motion planning and autonomous navigation
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strategy are proposed in chapter 4. The RGB-D camera is used to provide
the point clouds for EDF mapping. This strategy uses a novel RRT-based
path candidate generation algorithm and an improved RH-CHOMP algo-
rithm are introduced to generate the collision-free trajectory. The trajectory
finally is sent to an MPC-based controller to track. The experimental results
show the presented algorithm outperforms the-state-of-art and can help the
aerial robot achieve high-speed flight.

Aerial robots are widely used in search and rescue applications because
of their small size and high maneuvering. However, designing an autono-
mous exploration algorithm is still a challenging and open task, because
of the limited payload and computing resources on board UAVs. Chapter
5 provides an autonomous exploration algorithm using RGB-D cameras.
This algorithm uses point clouds from the RGB-D camera to generate the
3D occupancy grid map. The innovation parts of this autonomous explo-
ration algorithm are 1) Kmean++-based frontier cluster and information
gain-based frontier selection to speed up the exploration process. 2) A safe
flight corridor generation algorithm enabling safe flight.

All the algorithms mentioned above are validated in simulation experi-
ments or/and real flight experiments. The experimental results show that
the proposed algorithms can finish the collision avoidance, autonomous na-
vigation, and autonomous exploration tasks successfully. By comparing with
the state-of-art, the proposed algorithms all have good performance. The
RGB-D-based collision avoidance algorithms have a higher success rate in
high-speed flight. The autonomous navigation and motion planning algo-
rithm can fly a shorter trajectory and achieve a higher success rate in four
different challenging environments. The autonomous exploration can achie-
ve both shorter time and shorter path in three different environments and
can be able to guide an aerial robot to perform autonomous exploration
tasks. All in all, this dissertation can provide a good reference for Unman-
ned Aerial Vehicles (UAV) motion planning and exploration in challenging
dynamic environments.

VIII
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Chapter 1
Introduction

1.1. Motivation and Overview

Drone or Unmanned Aerial Vehicle (UAV) is a flying device similar to an
aircraft; however, different from an aircraft since it is not operated by an on-
board pilot. Recently, UAVs are widely used in many civilian applications
because of the small size, high maneuvering, and low cost they can have
when they are implemented as multirotors. [Kim et al., 2019] [Radoglou-
Grammatikis et al., 2020], [Yao et al., 2019]. Especially in civilian applica-
tions, the usages of the UAVs have expanded across nearly all areas. In the
area of agriculture, the rapid evolution of the UAVs can lead to valuable and
economic Precision Agriculture (PA) applications, such as aerial crop mo-
nitoring and smart spraying tasks. In the industrial field, the developments
of the UAVs improve the efficiency of industrial missions like industrial ins-
pection, cargo identification, and delivery. In order to save human resources,
UAVs can also be seen in the search and rescue tasks. Furthermore, UAVs
now can work as a moving camera that gives people a new view of the
scenes.

The environments in which the drones are performing their missions
mentioned above can be divided into constructed and unconstructed envi-
ronments. Constructed environments refer to the human-made scenario in
which people live, work, and recreate on a day-to-day basis. Unconstructed
environments mean natural environments that are not artificial. In both
constructed and unconstructed environments, there are plenty of unshaped
static and/or dynamic obstacles that add a lot of difficulties to the mission
execution of the drones.
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Generally, UAVs can be divided into fixed-wing, single rotor and multi-
rotors based on the power source and principles of flight. Compared with
the fixed-wing and single rotor, multi-rotors have greater flexibility and ea-
sier manipulation methods. For this reason, the multi-rotor UAVs are much
more popular in the public. Since the last decade, there are a large number
of commercial and non-commercial platforms for multi-rotor UAVs. DJI, as
one of the most renowned drone technology enterprises, provides multiple
cost-effective commercial platforms. The DJI tello 1 which is a programma-
ble tiny drone that can be used for video recording and drone education.
The DJI M100 series 2 and M200 series 3 are widely adopted for resear-
ches, international challenges and competitions, industrial and agricultural
applications because they have a big payload and good compatibility with
different sensors. There are also many consumer drones such as DJI Phan-
tom 4 and Mavic series 5 for people to choose. Parrot is another big company
that offers programmable commercial drones. Their products such as Parrot
A.R. drone 6 and Bebop 7 can frequently be found in research articles and
international robotics competitions. There are some other famous platforms
such as Asctec Hummingbird ,Firefly 8 and so on. Pixhawk 9, which is an
open-source Flight Control Unit (FCU) from ETH Zurich, greatly promoted
the development of non-commercial civilian drones because of its systematic
instructions and the usage of the multi-threaded programming environment.
There are two branches of Pixhawk-based autopilot, one is Px4 10 and the
other is Ardupilot 11. Px4 is developed by the research group of the ETH
Zurich. By adopting complete codes and a consistent programming style,it
is more popular in the corporate world. Ardupilot is an open-source softwa-
re developed by the drone enthusiast community. As the software compiled
with this framework must be open source, it is widely acclaimed in the
open-source community, and many drone players.

In order to perform autonomous missions, the proper onboard sensors
should be chosen to extract the information from the surrounding environ-

1https://store.dji.com/es/shop/tello-series
2https://www.dji.com/es/matrice100
3https://www.dji.com/es/matrice-200-series
4https://www.dji.com/es/phantom
5https://www.dji.com/es/mavic
6http://ardrone2.parrot.com/
7https://www.parrot.com/us
8https://www.intel.com/content/www/us/en/technology-innovation/aerial-

technology-overview.html
9http://pixhawk.org/

10https://px4.io/
11https://ardupilot.org/
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ments. Generally, the sensors used for receiving the environment information
can be divided into Light Detection and Ranging (LIDAR), Radio Detec-
tion And Ranging (RADAR), camera, Automatic Dependent Surveillance-
Broadcast (ADS-B) [Zaffar et al., 2018]. Considering their size, weight, price,
and the difficulty of sensor data processing, LiDAR and camera are the bet-
ter choices for the onboard sensors of Micro Aerial Vehicles (MAVs). On
the market, there are three common cameras which are the RGB camera,
RGB-D camera and event camera. The RGB camera including monocular
camera, stereo camera, and omni-directional camera can provide rich vision
information that is useful for 3D mapping, object recognition, target trac-
king, and collision detection. Compared with the RGB camera, the RGB-D
camera can extract the depth data that can improve the performance of
many applications such as mapping and object position estimate. There th-
ree main techniques for depth estimation of the RGB-D camera which are
stereo vision based depth estimation, structured light based depth estima-
tion, and Time of Flight (TOF) based depth estimation. The event camera
12 developed by the research group from UZH is a novel camera that mea-
sures only motion in the scene. It has low-latency ( ≈ 1 ms) and very high
dynamic range (140 dB instead of 60 dB) that is well-suited for visual odo-
metry. The difficulty of promotion of the event camera lies in the high price.
A detail comparasion of the LiDAR and cameras can be seen from Tab.1.1.

Table 1.1: Comparison of the LiDAR, RGB camera, RGB-D camera, and
envent camera [Zaffar et al., 2018].

Sensor
Type

Price
($)

Power
Consuming

(W )

Depth
Range

(m)
Dimensions

Real-time
Performance

Accuracy

LiDAR 5k − 100k 50− 200 50− 300 Bulky Median
Very
High

RGB-D 150− 400 2− 5 0,1− 10 Compact Low High

Monocular
Camera

100− 5k 0,01− 10 NA
Very

Compact
High Low

Stereo
Camera

500− 5k 2− 15 5− 20 Compact High Median

Omni-
directional

Camera
100− 1k 1− 20 NA

Very
Compact

High Low

Event
Camera

3k − 5k 0,15− 1 NA Compact
Very
High

High

Additionally, the planning algorithms also play a key role when drones

12http://rpg.ifi.uzh.ch/
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fulfill autonomous tasks in complicated environments such as forests, disas-
ter areas, and so on. The UAVs can go through complex terrain without
collision because the planning algorithm can quickly respond to irregular
obstacles. Traditionally, there three main parts in a planning problem that
are path planning using the information extracted by the onboard sensors,
trajectory generation and optimization based on the path, and trajectory
tracking controller to move the robot.

In summary, in order to achieve the autonomous missions, this disserta-
tion mainly aims to provide real-time robust RGB-D camera-based planning
strategies for multi-rotor UAVs in dynamic complex large environments.
There are three main planning problems are discussed:

Collision Avoidance : Based on the information of the surrounding
environments, it helps the UAVs predict the collision status of the future
flying points. It is the basement to solve the planning problem.

Path Planning and Trajectory Optimization: It helps UAVs gene-
rate the trajectory commands sent to the controller. It can generate different
paths and trajectories based on the requirements of missions.

Autonomous Exploration: It gives solutions for UAVs to explore the
unknown clutter environments using onboard sensors. Autonomous explo-
ration algorithms play a key role in autonomous missions such as search and
rescue, industrial inspection et al.

1.2. Problem Statement

In the robotics area, the planning problem can be divided into two as-
pects. One is how the robot makes decisions according to different tasks and
the other is how the robot executes the decisions without risk. Furthermo-
re, in order to solve the decision making problem, the robot needs to know
where it is and where it should go. The localization algorithms can solve
the problem of ”where it is”while the mapping/environment understanding
algorithms can solve the problem of ”where it should go”. The problem of
how to execute the decisions safely can be solved by using path planning and
trajectory optimization, collision avoidance, and motion control algorithms.
The algorithms mentioned above are discussed in more detail as follows:

Onboard Sensing and Localization: In order to provide the pose of
the robot in a GPS-denied unknown complex environment, the localization
algorithms such as Visual Odometry (VO), Visual Inertial Odometry (VIO),
and Multi-Sensor Fusion (MSF) are required. These localization algorithms
can accumulate errors in their estimations, due to the fast-changing of the
environments or lack of features. It is more challenging when onboard sen-
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sing resources are limited because of the small payload of the robot.

Mapping/Environment Understanding: There are several approa-
ches to describe the surrounding environments such as occupancy grid, dis-
tance field, and semantic mapping. Occupancy grid is the most common
approach to describe the environment. This approach simply divides the en-
vironment into free voxels, obstacle voxels, and unknown voxels. The most
famous framework to generate the occupancy grid map is OctoMap [Hor-
nung et al., 2013]. As this approach only provides the occupied possibility,
its description of the free and obstacle space is not very accurate. The dis-
tance field such as Euclidean Signed Distance Field (ESDF) and Truncated
Signed DistanceField (TSDF) can provide the distance to the nearest obs-
tacle of any point in it. The popular distance field mapping frameworks are
Voxblox [Oleynikova et al., 2017] and FIESTA [Han et al., 2019]. Semantic
mapping can divide the environment into special objects such as people, car,
et al that provides rich information for planning. However, this approach is
time-consuming and has high CPU/GPU coverages. Voxblox++ [Grinvald
et al., 2019] is one of the representing semantic mapping approaches that
can run onboard robots.

Collision Avoidance: The problem of collision avoidance can be divi-
ded into collision detection and avoidance strategy. Collision detection can
be defined as the problem of estimating the collision status of the next state,
e.g. pose, while the avoidance strategy refers to the problem of generating
motions to move to a collision-free state when the next state is in a collision.
There are two main challenges in designing the collision avoidance method.
(1) real-time performance: In dynamic environments or high-speed naviga-
tio, the obstacle can suddenly appear in the direction the robot is moving.
It requires the algorithms have low complexity and generate collision avoi-
dance motion in a short time. (2) robustness: It demands the algorithm can
be applied in different environments with different shapes of obstacles. The
collision avoidance algorithms should be able to work in challenging envi-
ronments such as unconstructed, dark, and fogy environments and should
not depend on the special geometry of the obstacles.

Path Planning and Trajectory Optimization: The path planning
problem can be thought of as a problem of finding a collision-free path from
the start state to the goal state based on the environmental model. The
path planning problem can be solved by sampling-based planners such as
Probabilistic RoadMap (PRM), Rapidly-exploring Random Tree (RRT), or
heuristic planners like the A* algorithm. The trajectory optimization pro-
blem is considered as a convex optimization problem. Generally, the convex
optimization problem can be solved by two methods which are the numerical
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method and analytical method. Both numerical and analytical methods mo-
del the trajectory optimization problem as a problem of polynomial equation
solving. The analytical method can find the best solution while the nume-
rical method needs much less time. The gradient-based strategy is another
way to solve the trajectory optimization problem but this approach can not
guarantee to find the solution.

Motion Control: The motion control problem can be considered as
a problem of developing a feedback logic that is able to track the given
references, e.g. positions, velocities, or trajectories. There are a lot of con-
trollers such as PID, adaptive control, Model Predictive Control (MPC), and
learning-based control. There are many factors such as tracking performance
and real-time performance to be considered when choosing a controller.

1.3. Dissertation Outline and Contributions

Based on all the applications and problems mentioned above, this the-
sis mainly focuses on developing real-time robust planning algorithms for
UAVs, especially multirotor, to perform autonomous tasks in dynamic and
complex GPS-denied indoor/outdoor environments. All the algorithms used
in this thesis are programmed using C/C++ and python. The algorithms
have also been integrated with the Robot Operating System (ROS).

The outline and contributions of the thesis are listed below.
Chapter 2: State-Of-The-Art

Chapter 2 introduces in detailed state-of-the-art UAV-based planning
and exploration approaches.

Chapter 3: Collision Avoidance Planning in Dynamic Environ-
ments

The collision avoidance planning strategy for dynamic obstacles is des-
cribed in chapter 3. The contributions of this chapter are listed below.

A fast laser/RGB-D camera-based collision avoidance algorithm has
been presented in this chapter. This collision avoidance algorithm in-
cludes a distance field based collision detection, an RRT path planner,
a polynomial trajectory optimization, and an MPC controller. This co-
llision avoidance strategy uses lower computing resources to build the
Euclidean Distance Field (EDF) to estimate the distance to the nea-
rest obstacle and can avoid irregular dynamic obstacles in high-speed
flights with a higher success rate when compared with the state of the
art. The robustness of the proposed collision avoidance approach is
validated by both simulation and real flight experiments.
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A novel multirotor aerial platform is also built to test the proposed
collision avoidance algorithm. This aerial platform consists of a Visual
Inertial (VI) system built by dronomy, an intel D435i depth camera,
a Pixhawk FCU, and an onboard computer which is Jetson TX2 4GB
module.

A deep learning-based collision estimation strategy and a Receding
Horizon Covariant Hamiltonian Optimization Motion Planner (RH-
CHOMP) [Ratliff et al., 2009] are proposed to solve the dynamic obs-
tacles avoidance problem. The tiny YOLO v3 module [Redmon and
Farhadi, 2018] is used to train the obstacle detection algorithm and an
Iterative Perspective-n-Point (PnP) algorithm to estimate the pose.
By using the estimated pose of the obstacles, RH-CHOMP can plan
a collision-free trajectory in real-time. The simulation results show
that the proposed algorithm has a high success rate in a challenging
dynamic environment.

Chapter 4: Autonomous Navigation and Motion Planning in
Large-scale and Complex Environments

Chapter 4 explains the navigation and planning techniques for unshaped
obstacles in complex and unconstructed environments. The contributions of
this chapter are showed as follows.

The Voxblox framework is used to build the EDF of the surrounding
environment.

A local planner consists of an RRT-based candidate path generation
algorithm and a modified CHOMP is proposed to generate the candi-
date trajectory. An objective function that considers the smoothness,
the distance to the goal, the distance to the obstacle, and the flight
altitude is presented to evaluate the candidates and choose the candi-
date with the minimum cost as the optimal trajectory.

The proposed local planner is tested in woods environments. The ex-
perimental results show that the planner has a success rate when per-
forming high-speed navigation in complex woods environments.

Chapter 5: Autonomous Exploration in Large-scale and Com-
plex Environments

The Autonomous exploration and planning algorithms for search and
rescue tasks are given in chapter 5. The contributions of this chapter are
given below.
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The OctoMap framework is used to divide the environments into the
unknown area, obstacle area, and free area based on the occupied
possibility value.

An optimal frontier selection using Kmean++ cluster algorithm is
used to choose the optimal frontier to explore and a safe corridor
based A* planner is applied to plan the collision-free path to reach
the selected frontier.

The proposed algorithm is tested in three challenging Gazebo envi-
ronments which are the flat environment, maze environment, and flat
environment. The simulation results show that the proposed explora-
tion algorithm can finish the exploration task by flying a shorter path
using less time when compared with the state of the art.

Chapter 6: Conclusions and Future Works
Chapter 6 concludes the thesis and introduces the future work overview.

1.4. List of Publications

The work proposed in this thesis is based on the publications below.
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Chapter 2
State-Of-The-Art

2.1. Introduction

During the last decade, the sensing, planning, and control technologies
for Unmanned Aerial Vehicles (UAVs) have made great progress. This chap-
ter mainly describes the navigation and planning strategy for UAVs used
in the civilian area such as search and rescue, industrial inspection et al.
and explains the difference between the current technologies and contribu-
tions of this dissertation. This chapter is divided into three sections which
are collision avoidance planning in dynamic environments, motion
planning and navigation in large-scale and complex environments,
and exploration in large-scale and complex environments.

2.2. Collision Avoidance Planning in Dyna-

mic Environments

Collision avoidance using onboard sensing is a key topic in the robotics
when working in non structured environments. The challenge involves the
robot being able to move in a totally unknown and dynamic environment,
without colliding and only with a limited field of view (FOV) provided by
the on-board sensors.

Plenty of methods have been proposed during the last decades to address
the problem of collision avoidance. The visual servoing approaches use the
feedback information extracted from vision sensors to plan the motion of
robots. Penin et al. [Penin et al., 2018] developed a vision-based controller
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and planner for aggressive collision avoidance and tested it in a real environ-
ment. However, their path-planning approach required complete knowledge
of the environment and robot model.

Optical flow methods rely on the apparent motion of texture in the visual
field relative to the body of the robot. Optical flow-based strategies allow
robots to operate collision avoidance by turning away from regions with
high optical flow. An optical flow-based approach was given by Simon Zingg
et al. [Zingg et al., 2010] for the navigation of MAVs in indoor corridors.
They used a Pyramidal Lucas-Kanade optical flow detector to estimate
the optical flow and compensate for the rotational effects using Inertial
Measurement Unit (IMU) data. In the same direction, Cho et al. [Cho et al.,
2019] also presented a vision-based obstacle avoidance strategy for MAVs
using optical flow. Their approach could avoid wall-like frontal obstacles,
which was a general limitation in optical flow-based methods. Overall optical
flow-based method have shortcomings in the sense that they generate an
artificial parallax that will yield low optic flow values for smaller oncoming
obstacles.

Artificial Potential Field (APF) methods [Chiang et al., 2015,Cetin and
Yilmaz, 2016] use gradient descent planning to find the minimum artificial
potential energy. They rely on the calculation of calculates the attractive
potential from the goal and repulsive potential from the obstacles, and find
a trajectory which is collision-free. However, the presence of local minima
commonly causes problems in these strategies.

Geometry-based approaches use the geometric relationship between the
robot and the obstacles to calculate a path for the robot. Lin [Lin et al., 2020]
presented a collision-avoidance approach for unmanned aerial robots, which
combined a collision avoidance algorithm using geometric primitives and an
initial collision time selection algorithm based on kinematic considerations,
collision likelihood, and navigation constraints.

Velocity Obstacle methods like [Fulgenzi et al., 2007] use a Probabilistic
Velocity Obstacle (PVO) to predict the probability of the uncertainty in
obstacles’ position, shape, and velocity. However, it cannot guide the robot
to the goal or respond to certain emergency conditions. The work presented
in [van den Berg et al., 2011] used Acceleration Velocity Obstacle (AVO) to
help the robot avoid obstacles in a dynamic environment while being subject
to acceleration constraints. Velocity obstacle-based approaches highly rely
on the robot’s model and require accurate measurements of the obstacle’s
velocity.

Learning-based methods have also been proposed, such as the one pre-
sented in [Ma et al., 2020], which developed a deep reinforcement learning-
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based collision avoidance algorithm inspired by the encirclement behavior
of dolphins to entrap the fishes. The work presented in [Sampedro et al.,
2018] uses a deep reinforcement learning approach to build a reactive navi-
gation algorithm by adopting an APF formulation in the reward function. In
their experiments, the algorithm provided appropriate reactive navigation
behaviors in simulated and real indoor scenarios with static and dynamic
obstacles.

Sampling-based strategies usually have important constraints regarding
the computational cost derived from computing an appropriate path. In or-
der to reduce the time consuming, Kris Hauser [Hauser, 2015] uses a lazy
collision check procedure which checks the collision only if a better path is
found. Yucong Lin et al. [Lin and Saripalli, 2016] develop a sampling-based
method to provide reactive navigation capabilities and build a closed-loop
system in order to simulate the trajectory of the UAV during the collision
checking procedure. Jia Pan and Dinesh Manocha [Pan and Manocha, 2016]
present a collision checking for a sampling-based approach, which determi-
nes the collision status guess of new query sample according to the collision
checking results of these previous query samples, based on the reality that
neighboring configurations are probable to have the similar collision status.
Joshua Bialkowski, Sertac Karaman, and et al. [Bialkowski et al., 2016] de-
velop a strategy to perform collision checking for sampling-based methods,
this method reduces the computational cost by not calling the collision
checking function if new samples are closer to a previously collision-checked
point than the latter is to an obstacle. The proposed work presented in
this paper also uses a sampling-based strategy but enhanced by using an
SDF based fast collision checking algorithm for the navigation of multirotor
UAVs.

Planning based-algorithms will plan a collision-free trajectory based on
the information of obstacles extracted from perception sensors. Lopez [Lo-
pez and How, 2017b] presented a Relaxed-constraint Triple Integrator Plan-
ner (R-TIP) for collision avoidance strategy with limited FOV sensing. Tac-
kling the problem of narrow FOV perception, their planner could choose a
motion primitive from the past that made the planning algorithm more ef-
ficient. Gao [Gao et al., 2019] presented a Teach-and-Repeat approach for
autonomous navigation of MAVs and the maximum velocity could reach 3
m/s in an indoor real flight, but this approach required to previously build
a map.

In the rest of this section, three kinds of typical sensors, which are Light
Detection and Ranging (LiDAR), RGB-D camera, and monocular camera,
and the collision avoidance technologies based on them are introduced. A
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description of the collision avoidance strategy and related sensing technolo-
gies are shown in Fig. 2.1.

Figure 2.1: The schematic diagram for the collision avoidance algorithms
and related sensing technologies.

2.2.1. Collision Avoidance Planning in Dynamic En-
vironments using Monocular Camera

The monocular camera is more suitable for MAVs because of the require-
ments of low computing resources and small size comparing with the LiDAR
and RGB-D system. However, since the monocular camera can only provide
simple image information, it needs more complex algorithms when used for
obstacle avoidance planning. The pieces of literature about the monocular
camera-based collision avoidance systems are introduced in this subsection.
The monocular-based sesing and the imaging principle are shown in Fig.
2.2.

In order to handle frontal obstacles well using the monocular camera,
Mori et al. [Mori and Scherer, 2013] presented a method to detect relative
size changes of image patches that can detect size changes in the absence of
optical flow. Their approach used SURF features matches in combination
with template matching to compare relative obstacle sizes with different
image spacing. The experimental results showed their approach had a high
success rate in 20 different real flights. Al-Kaff et al. [Al-Kaff et al., 2016]
also presented a monocular-based collision avoidance approach that conside-
red the size-changing of the obstacles during the flight. Their method would
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Figure 2.2: The description of the monocular camera-based sensing. P0, P1,
and P2 are the point in the imaging plane, the point in the virtual imaging
plane, and the point in the real world respectively. f is the focal length of
the camera.

compare the changes in the area ratios of the object in the image sequence
to decide if it was an obstacle or not. The action of collision avoidance was
generated based on the obstacle 2D position in the image and combining
with the tracked waypoints.

Considering the MAV autonomous navigation at a low altitude in clutte-
red environments, Ross et al. [Ross et al., 2013] presented a learning-based
MAV reactive control strategy using a monocular camera. A simple itera-
tive training procedure called DAgger (DAtaset Aggregation) was applied
to train a policy that mimics the expert’s behavior based on the features
mapped from camera images. A linear controller for tree avoidance could
be learned properly after training. Both controlled indoor, and real natural
forest real flight experiments showed the efficiency of their approach.

In 2014, Fu et al. [Fu et al., 2014] presented a monocular based colli-
sion avoidance strategy using a Cross-Entropy Optimization (CEO)-based
Fuzzy Logic Controller (FLC). This proposed FLC could achieve collision
avoidance by controlling the heading of the UAV. Furthermore, a Monocular
Visual-Inertial Simultaneous Localization and Mapping (SLAM)-based stra-
tegy is given to provide 6D pose estimations of the UAV in the GPS-denied
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environments. The proposed collision avoidance approach was validated in
a real flight experiment with a flying speed of 0.8 m/s.

Bipin et al. [Bipin et al., 2015] proposed a generic framework for any
commercial quadcopter performing reactive navigation using a monocular
camera in cluttered unknown environments. This framework first utilized
a supervised learning approach to estimate the depth map for the video
stream obtained from the frontal monocular camera. This depth map was
transformed into Ego Dynamic Space and then used for computing locally
traversable way-points. Finally, the convex programming based trajectory
planner would send the trajectory that met the drone dynamics constraints
to the controller to fly the robot. The applicability of the proposed system
in controlled indoors and in unstructured natural outdoors environment was
properly discussed.

Thinking of using a neural network for collision avoidance, Chakravarty
et al. [Chakravarty et al., 2017] trained a CNN to estimate the depth map
from the single image and sent it to a behavior arbitration based control
algorithm to move the quadrotor away from the obstacles. The collision
avoidance strategy was tested in several simulation and real flight experi-
ments. In 2019, Yang et al. [Yang et al., 2019] presented an online collision
avoidance for a monocular quadrotor using adaptive CNN-based depth esti-
mation. By using the Ego Dynamic Space (EDS) from the estimated depth
map, the collision avoidance traversable waypoints were automatically com-
puted in EDS based on which appropriate control inputs for the quadcopter.
The experimental results showed that the proposed algorithm could work
in clutter simulation environments and unknown indoor environments. Mo-
re recently, in order to improve the efficiency of the previous method, the
same group presented a real-time onboard approach [Yang et al., 2019] for
monocular depth prediction and obstacle avoidance with a lightweight pro-
babilistic CNN (p-CNN). This p-CNN module could predict the depth map
as well as its confidence in each video frame. They also integrated sparse
depth estimation from visual odometry into the network for guiding den-
se depth and confidence inference that could improve the accuracy of the
depth prediction. Their approach had a good performance in both simula-
tion and real flight experiments. Kouris et al. [Kouris and Bouganis, 2018]
used a self-supervised CNN to predict the distance to the closest obstacle
towards multiple directions using a monocular camera. These predictions
were applied to modulate the yaw and linear velocity of the UAV. The ex-
perimental results demonstrated that the proposed algorithm could learn a
navigation policy that achieves high accuracy on real-world indoor flights.

A new monocular vision-based collision avoidance method for quadrotors
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was presented in [Mercado et al., 2018]. They used monocular to achieve
both robot pose estimation and sparse depth map estimation. The colli-
sion avoidance trajectory would be given based on the distance to poten-
tial collisions. The collision avoidance trajectory would be tracked using A
second-order Sliding Mode (2-SM) control algorithm. The proposed strategy
is successfully tested in real-time experiments, using a low-cost commercial
quadrotor.

In 2020, Hatch et al. [Hatch et al., 2020] presented a monocular-based
collision avoidance system using a hybrid neural network and path plan-
ner controller. This hybrid neural network consisted of a vision network for
estimating depth from camera images, a high-level control network, a colli-
sion prediction network, and a contingency policy. The experimental results
showed that the hybrid system using the expert contingency policy had a
higher completion rate and computing rate.

2.2.2. Collision Avoidance Planning in Dynamic En-
vironments using LiDAR

Scanning laser range finders or LiDARs have been widely used for obs-
tacle avoidance for multiple years (henceforth the term laser or scanning
laser is used to refer to these scanning laser range finders). LiDAR sen-
sors work in two parts: one emits laser scans onto the surface(s) and the
other reads their reflection to calculate the time it takes for each scan to
bounce back in order to compute the distance [Yasin et al., 2020]. When
compared with cameras, LiDAR can provide fast and high accurate sensing
data for autonomous missions. Even with the advancement of technology
in recent years, LiDAR senosors have made improvements in economy and
portability, but the size and price of it are still a problem when applied to
Micro Aerial Vehicles (MAVs). In the rest of the subsection, the research
works about LiDAR-based collision avoidance technologies are described.
The detail information about the LiDAR system is show in Fig. 2.3.

Hrabar [Hrabar, 2012] compared the onboard 2D LiDAR sensing with
stereo vision-based sensing on the sensing range, FOV, accuracy, and suscep-
tibility to lighting conditions. The experimental results showed that the 2D
LiDAR had a wider horizontal FOV and is more reliable at detecting obsta-
cles that are within a 20-m range. The 2D LiDAR-based collision avoidance
system also had a higher success rate than the stereo vision-based collision
avoidance system when equipped on a rotorcraft unmanned aerial vehicle
(RUAV) in the field tests.

Cherubini et al. [Cherubini and Chaumette, 2013,Cherubini et al., 2014]
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Figure 2.3: The description of the LiDAR-based sensing.

proposed and validated a framework for mobile robot visual navigation with
laser-based collision avoidance. In the collision avoidance part, a tentacle-
based technique that did not require the robot pose and exploited the robot
geometric and kinematic characteristics is applied. This tentacle-based ap-
proach could generate the candidates in an occupied grid map generated
by laser scanning. The best tentacle would be chosen to avoid the obstacles
which are on the path.

Ramasamy et al. [Ramasamy et al., 2016] presented a LiDAR Obsta-
cle Warning and Avoidance System (LOWAS) for unmanned aerial vehicle
sense-and-avoid. Both hardware and software structures of the LOWAS we-
re proposed. The experimental results showed the proposed LOWAS could
avoid all classes of obstacles (i.e., wire, extended and point objects) under
a wide range of weather and geometric conditions.

Sampedro et al. [Sampedro et al., 2018] used the laser scan to build the
Artificial Potential Field (APF) and used the APF to train the Deep Rein-
forcement Learning (DRL) based reactive navigation strategy in a sample
Gazebo environment. The experimental results showed that the proposed
reactive navigation approach had a higher success rate than the state-of-art
in three challenging Gazebo environments. The reactive navigation algo-
rithm was also validated in long time real flight experiments. By adopting
imitation learning and RNNs to map directly from lidar range measure-
ments, an end-to-end control policy for a lidar equipped flying robot was
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given by Zeng [Zeng, 2018]. This algorithm also had a good flying perfor-
mance in the real flight tests through the tunnel and tunnel-like environ-
ments. In order to achieve obstacles avoidance in dynamic environments,
Sanchez-Lopez et al. [Sanchez-Lopez et al., 2019] built a LiDAR-based se-
mantic situation awareness system. This system first used the preprocessed
LiDAR measurements to generate an object segmentation that clusters the
candidate objects, then a Convolutional Neural Network (CNN) to compu-
te the radius and the position of the center of individual circles in sensor
coordinates, and finally an indirect-EKF to provides the estimate of the se-
mantic map in world coordinates. By using the semantic map, the robot can
perform the collision avoidance maneuver very quickly through the position,
radius, and velocity of the obstacles.

In the year 2020, a Fast LiDAR-based collision avoidance approach was
introduced by Beul et al. [Beul and Behnke, 2020]. The onboard LiDAR
provided 3D-point clouds of the surrounding environment for collision chec-
king. They applied the piecewise polynomial formulation of their trajectories
to analytically compute axis-aligned bounding boxes (AABB) so that the
point clouds required for collision detection could be reduced and the co-
llision checking process could be speeded up. Their approach was validated
in both simulation and real flight tests. J. Park and N. Cho [Park and Cho,
2020] presented a LiDAR-based collision avoidance approach for hexacopter
UAVs in dynamic environments. They used the information extracted by
LiDAR to generate the point clouds and a Kalman filter to estimate the
position, velocity, and acceleration of the moving obstacles detected by Li-
DAR. The collision avoidance maneuver would be generated based on the
estimation. Numerical simulations were conducted to verify the performance
of their collision avoidance algorithm.

2.2.3. Collision Avoidance Planning in Dynamic En-
vironments using RGB-D Camera

Recently, technological innovation drives the cost of RGB-D sensors
down. Therefore, more and more researchers start to work in the computer
vision area of combining per-pixel depth data and RGB images. The depth
data can provide 3D information that can simplify the dynamic collision
avoidance tasks. The RGB-D based collision avoidance techniques and re-
lated works in the last decade are introduced in this subsection. The detail
introduction about the RGB-D camera and its imaging principle is shown
in Fig. 2.4.

In order to build an autonomous navigation system, Bachrach et al.
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Figure 2.4: The description of the RGB-D camera-based sensing.

[Bachrach et al., 2012] firstly used RGB-D sensors to estimate the robot
pose and built the global map of the environment. Then, a Belief roadmap
(BRM) was applied to plan the collision avoidance path. This BRM used
Kalman filters to sample Gaussian distributions (µ,Σ) over the state, and
then added edges between pairs of beliefs (bi, bj). In order to improve the
accuracy of the BRM, the trace of the covariance of the robot’s belief was set
as a value that was less than a safety parameter ε. In order to improve the
planning efficiency, they calculated the reachability of µ and Σ separately.
The effectiveness of the proposed system was validated in the real flight
experiments.

In 2015, the RGB-D system based collision collision avoidance was pro-
posed by Santos et al. [Santos et al., 2015]. This system consisted of an
Inertial Measurement Unit (IMU) onboard UAV and an RGB-D camera ins-
talled in the indoor environment. A Decentralized Information Filter (DIF)
and an Information Filter (IF) were used to estimating the UAV pose and
obstacles’ poses respectively. The collision avoidance motion could be ge-
nerated based on the estimated poses. The real flight experiments proved
their approach.

The obstacle detection, tracking, and avoidance approaches for teleope-
rated UAVs were presented by Odelga et al. [Odelga et al., 2016] in 2016.
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An RGB-D camera was used to detect the surrounding obstacles and the
obstacles’ states would be estimated based on the UAV’s velocity if they
left the direction of the sensor’s FOV. A Model Predictive Control (MPC)
was applied to generate the collision avoidance maneuver. The method was
validated on a platform equipped with its own computational unit.

Lopez et al. [Lopez and How, 2017a] proposed an aggressive 3-D colli-
sion avoidance strategy for quadrotor high-speed navigation in 2017. This
strategy used an RGB-D camera to generate a world representation to ob-
tain from instantaneous perception data in the form of point clouds. Based
on the world representation, a Triple Integrator Planner (TIP) was presen-
ted to generate the collision-free path with 5 ms. The experimental results
showed the proposed planner can fly the robot at a speed of 3 m/s without
collision.

A depth-camera based UAV path following and obstacle avoidance met-
hod was given by Iacono et al. [Iacono and Sgorbissa, 2018]. They used an
RGB-D camera to generate point clouds of the surrounding environment.
The collision avoidance path was generated by the intersection of two 3D
surfaces, and shaped around the obstacles by adding to either of the two
surfaces a radial function at every obstacle location. The real flight expe-
riments showed that the proposed collision avoidance approach could work
in different environments with its computation running on-board UAV.

A deep learning and depth camera combined method for UAVs co-
llision avoidance and environmental perception was presented by Wang
et al. [Wang et al., 2020a]. This approach used CNN to train an object
detection algorithm. The detected results were combined with the depth
image to estimate the 3D spatial positions of the obstacles. The image of
the camera was divided into four areas, which are the upper-left area, upper-
right area, lower-left area, and lower-right area. If the center of the detecting
bounding box fell into one special area, the collision avoidance maneuver
would move the UAV out of this area.

A UAV detection and avoidance strategy were given by Carrio et al.
[Carrio et al., 2018,Carrio et al., 2020] in 2020. This work proposed a CNN-
based detector to detect UAVs using the depth map and estimated the X,
and Y coordinates using the minimum depth of the bounding box of the
detected UAV in the depth map. The collision avoidance maneuvers would
be generated based on the estimated UAV position.
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2.3. Motion Planning and Navigation in Large-

scale and Complex Environments

A lot of methods have been proposed during the last decades addressing
the problem of motion planning and autonomous navigation in cluttered
environments. Z. Fang et al [Fang et al., 2017] developed a two-layer fu-
sion framework and combined it with an online motion planning algorithm
to build an autonomous navigation system. The experimental results show
their system can go through a very narrow doorway in an environment
in complete darkness or full of light smoke. C. Sampedro et al [Sampedro
et al., 2017] developed a fully-autonomous aerial robotic solution for indoor
exploration and inspection. Their solution was validated in the 2016 In-
ternational Micro Air Vehicle Competition (IMAV2016). Y. Lin et al [Lin
et al., 2018] built an autonomous navigation system with only a fisheye ca-
mera, a low-cost IMU and heterogeneous onboard computing resources that
comprised the minimum sensor suite allowing autonomous flight. The ex-
perimental results showed that their autonomous navigation system could
fly both in indoor and outdoor environments. K. Mohta et al [Mohta et al.,
2018] designed an autonomous navigation system that was capable of fast
aerial navigation through cluttered GPS-denied environments. The expe-
rimental results showed that their robot could fly without collision in a
cluttered environment with speeds up to 7 m/s. F. Gao et al [Gao et al.,
2019] developed a framework for online generating safe and dynamically
feasible trajectories directly on the point cloud. H. Oleynikova et al [Oley-
nikova et al., 2020] created a system using a local planner architecture that
could generate smooth global trajectories, locally explore unknown spaces,
and deal with changes in a map by actively replanning. The recent relevant
planning algorithms are discussed in detail in the rest of the section. Ge-
nerally, the planning system is organized by a path planning system and
trajectory generation system. More recently, with the development of ma-
chine learning technology, learning-based end-to-end strategies also become
one of the key topics in motion planning and autonomous navigation stra-
tegies. An introduction about the traditional and learning-based navigation
methods are given by Fig. 2.5.

2.3.1. Path Plan Algorithm

Generally speaking, sampling-based algorithms and search-based algo-
rithms are two main types of path planning algorithms used in the planning
system. The most relevant sampling-based algorithms, RRT [LaValle and
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Figure 2.5: The description of the motion planning and navigation strategy.

James J. Kuffner, 2001], RRT* [Karaman and Frazzoli, 2011] and their
extended versions [Otte and Frazzoli, 2016] are widely used for the path
planner in the planning system. In the work of A. Bircher et al [Bircher
et al., 2016], they used RRT to generate a finite iteration random tree and
executed the first edge of best brach. The point clouds based navigation fra-
mework designed by F. Gao et al [Gao et al., 2019] used a safe-region RRT*
to generate safe corridors and update it following the principle of anyti-
me RRT*. Then, the trajectory is generated using the updated corridors.
The continuous-time trajectory optimization approach [Oleynikova et al.,
2016] planned a dynamically feasible polynomial trajectory based on the
path from an Informed RRT* algorithm. There are also many planning sys-
tems using search-based algorithms like A*, D*, or others to plan the path.
Gradient-based online safe trajectory generation strategies [Gao et al., 2017]
used A* to search a minimum distance path on a random-exploring graph.
The navigation system using monocular visual-inertial fusion from the same
group [Lin et al., 2018] also applied A* to plan a path for trajectory optimi-
zation. J. Tordesillas et al [Tordesillas et al., 2019a,Tordesillas et al., 2019b]
presented a real-time trajectory planner using Jump Point Search (JPS) to
find the shortest path from the current position to the goal. The reason
they chose JPS is that JPS could run an order of magnitude faster than A*
while guaranteeing completeness and optimality. There are also some works
considering the kinematics and dynamics constrain of the robot. Rosmann
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et al [Roesmann et al., 2012] presented a ”timed elastic band.approach to
generating the path. This approach could consider dynamic constraints such
as velocities and accelerations when planning the path. More recently, Zhou
et al [Zhou et al., 2019] proposed a front-end kinodynamic path searching
module to find a safe and kinodynamic trajectory primitive for UAV.

2.3.2. Trajectory Generation and Optimization

Based on the path from the path planner, a trajectory optimization
algorithm is used to generate a feasible trajectory. Gradient-based strate-
gies like CHOMP [Zucker et al., 2013] used an objective function based
on smoothness and safety to punish the waypoints in the path. The final
trajectory was generated until the result of the objective function was less
than a threshold value or the iteration times are bigger than the maximum
times. Recently, a gradient-based online safe trajectory generation method
proposed by F. Gao et al [Gao et al., 2019] and the trajectory optimization
approach [Oleynikova et al., 2018] proposed by H. Oleynikova et al also ap-
plied the gradient-based method for trajectory generation and optimization.
The works of J. Tordesillaset al et al [Tordesillas et al., 2019a, Tordesillas
et al., 2019b] used a control-based method. They considered the dynamic
model of the aerial robot and generated the jerk-controlled primitive tra-
jectory by solving a convex optimization problem.

The minimum trajectory generation [Mellinger and Kumar, 2011] pro-
posed by D. Mellinger and V. Kumar showed that the trajectory generation
problem could be thought of as a quadratic programming (QP) problem. R.
Charles, A. Bry, and N. Roy [Richter et al., 2016] extended the minimum
trajectory generation problem to a numerically stable un-constrained QP
problem. They combined an RRT* planner with the minimum-snap techni-
que to perform fast, graceful flight trajectories while considering collisions.
The Mixed integer quadratic programming (MIQP) [Mellinger et al., 2012]
approach proposed by D. Mellinger et al used integer constraints to enforce
collision avoidance. The iterative regional inflation by semidefinite (IRIS)
programming [Deits and Tedrake, 2015] algorithm developed by R. Deits
and R. Tedrake was used to pre-compute convex regions of safe space. In
recent years, the work from B. Zhou et al [Zhou et al., 2019] relied on the use
of a B-Spline for trajectory generation and optimization. The experiments’
results showed their approach could improve the efficiency and convergence
rate of trajectory optimizations.
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2.3.3. Learning-based End-to-End Autonomous Navi-
gation

With the help of the neural network, drones can learn how to navigate
in a large and complex environment with a direct approach of perception-
to-planning. It can extremely reduce the algorithm complexity.

In order to help drones learn how to navigate in cluttered environments,
Gandhi et al [Gandhi et al., 2017] built one of the biggest UAV crash da-
taset. A simple self-supervised model was used to learn a powerful policy
for UAV navigation from all these negative and positive flying data. The
real flight experiments showed the drone could perform autonomous navi-
gation in cluttered environments with dynamic obstacles through the self-
supervised training strategy. DroNet, as one of the famous neural network
for teaching drone how to fly in dynamic outdoor environments, was presen-
ted by Loquercio et al [Loquercio et al., 2018]. In order to reduce the risk
of collecting data in the unstructured outdoor environment, they used the
data collected by cars and bicycles. A fast eight-layers residual network was
trained to predict the steering angle, and collision probability. The predicted
data was then applied to fly the drone without collision. The experimental
results showed the drone could fly successfully at relatively high altitudes
in both indoor and outdoor environments. One year later, Palossi et al [Pa-
lossi et al., 2019] made the DroNet work onboard in a 27-g commercial
nano-quadrotor using a novel parallel ultra-low-power computing platform,
GAP8.

A deep learning-based approach was proposed by Elia Kaufmann et al
[Kaufmann et al., 2018] to achieve agile flight in dynamic environments in
drone racing. This method used a CNN directly maps raw images into a
robust representation in the form of a waypoint and desired speed. State-of-
art planning and control were used to generate the optimal trajectory and
corresponding motor command based on the waypoints and speeds. Their
algorithm could against state-of-the-art navigation approaches and profes-
sional human drone pilots. Another end-to-end learning based-navigation
algorithm for drone racing was proposed by Muller et al [MĂźller et al.,
2018]. The training of their algorithm was done by imitation learning with
data augmentation. The trained network flew more consistently than many
human pilots and could run in real-time on embedded hardware. They al-
so got the conclusion that extensive data augmentation techniques were
important for improving the robustness of the training.

Camci et al [Camci and Kayacan, 2019] presented an end-to-end learning-
based navigation strategy using motion primitives in dense environments.
They used a two-stage reinforcement learning strategy including learning
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in simulations and real flights. This training data was then used to build a
swift motion primitive library. Their approach spent less time to finish the
navigation tasks when compared with the default method.

A deep reinforcement learning model was trained by Wang et al [Wang
et al., 2019] to perform autonomous navigation in large-scale complex en-
vironments using UAV. This DRL algorithm was designed based on two
strictly proved policy gradient theorems within the actor-critic framework.
Their algorithm could directly map the raw sensory measurements into the
UAV command. The experimental results showed the proposed algorithm
outperformed the-state-of-art and had the potential to be used for UAV
large-scale complex environments navigation.

More DL/RL/DRL-based navigation strategies had been proposed in
2020. Nguyen et al [Nguyen et al., 2020] presented a Navigation Multimodal
Fusion Network (NMFNet) which has three branches to effectively handle
three visual modalities: laser, RGB images, and point cloud data. He et al
[He et al., 2020] built a DRL based navigation system using Twin Delayed
DDPG (TD3) algorithm. Guerra et al [Guerra et al., 2020] trained an RL
model that could be used for UAV autonomous navigation, mapping, and
objects detection.

2.4. Exploration in Large-scale and Complex

Environments

A lot of methods have been proposed during the last decades addres-
sing the problem of autonomous exploration in unconstructed environments.
There are two fundamental types of approaches: the frontier-based approa-
ches and sampling-based approaches. The frontier-based approaches try to
maximize the exploration efficiency by selecting and exploring the opti-
mal frontiers between the known and unknown area of a map, while the
sampling-based approaches randomly generate robot states and search the
path which can maximize the information gathered in the environment.
There are also works [Selin et al., 2019, Dai et al., 2020] that combine the
frontier-based and sampling-based approaches. In recent years, the learning-
based strategies [Niroui et al., 2019,Chen et al., 2019,Ramezani Dooraki and
Lee, 2018] like reinforcement learning are also used to solve the autonomous
exploration problem. In this section, the state-of-art autonomous navigation
algorithms are mainly discussed. In the remainder of the section, firstly the
literature using the frontier-based approach is introduced and then the work
using the sampling-based method are explained. Finally, the learning-based
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exploration approaches are introduced. An introduction of autonomous ex-
ploration algorithms and related mapping methods are shown in Fig. 2.6.

Figure 2.6: The description of the state-of-art autonomous exploration tech-
nologies.

2.4.1. Frontier-based Autonomous Exploration

The frontier-based exploration approach was first introduced by B. Ya-
mauchi in the year of 1997 [Yamauchi, 1997]. Considering the limited com-
puting resources on-board MAV, S. Shen et al [Shen et al., 2012] proposed
an autonomous exploration algorithm only using the information of the
known occupied space in the current map. After evaluating the information
in the regions determined by the evolution of a stochastic differential equa-
tion, the ones of most significant particle expansion correlated to unexplored
space and then MAV started to explore these unknown regions. In 2013, C.
Dornhege and A. Kleiner proposed a frontier-void-based autonomous explo-
ration approach [Dornhege and Kleiner, 2011]. They combined two concepts
of voids, which are the unexplored volumes and frontiers. Their approach
has been evaluated in a mobile platform with 5 DOF manipulator. Recently,
S. Bai et al [Bai et al., 2016] used Bayesian optimization to predict mutual
information (MI) of the frontiers and then trained a Gaussian process (GP)
to estimate the MI in the robot’s action space and chose the next explo-
ration step. C. Wang et al [Wang et al., 2017] proposed a multi-objective
reward function that could minimize both the map entropy and the path
cost during the exploration process, then the frontier that had the best
reward would be chosen as the goal, finally, a potential field is construed
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to guide the robot to the goal. H. Umari et al [Umari and Mukhopadh-
yay, 2017] presented a local and global RRT-based frontier detection for
candidate frontiers generation and then a function with information gain
and navigation cost is applied to select the optimal frontier. Because of the
local and global RRT-based frontiers generation, this approach has a high
algorithm complexity. T. Cieslewski et al [Cieslewski et al., 2017] proposed
a frontier selection method for high speed flight. They used a function to
select the frontier that had the minimum change in the velocity to reach
it. Their strategy could significantly reduce the exploration time because
of the high exploration speed. The are more works in the last two years,
an effective exploration strategy using expected information gain is pro-
posed by E. Palazzolo and C. Stachniss [Palazzolo and Stachniss, 2018].
Their method could reduce the risk of collision, while still maximizing the
information gain in the exploration process. C. Gomez et al introduced a
topological frontier-based exploration using semantic information [Gomez
et al., 2019]. They combined frontier-based concepts with behavior-based
strategies in order to build a topological representation of the environment.
More recently, B. Zhou et al [Zhou et al., 2020] introduced a fast exploration
approach using the incremental frontier structure and hierarchical planning.
They used an Incremental Frontier Structure (FIS) to store the important
information for UAV autonomous exploration in the entire space. The FIS
could be updated incremental during the exploration process. Moreover, a
hierarchical planner was applied to generate a safe exploration path. Their
exploration approach could finish the exploration tasks 3-8 times faster than
the state-of-the-art in the real flight tests.

2.4.2. Sampling-based Autonomous Exploration

As one of the most famous sampling-based exploration method, Rece-
ding Horizon Next-Best-View Planner (RH-NBVP) [Bircher et al., 2016]
was firstly proposed by A. Bircher et al. RH-NBVP repeatedly expanded a
rapidly-exploring random tree and selected the best next node to explore
using an objective function that considered the set of visible and unmapped
voxels from robot configuration. This approach had two main disadvanta-
ges: 1) keep repeatedly expanding RRT is computing expensive. 2) select the
optimal next step in the field of view might lead to a sub-optimal solution.
C. Papachristos et al [Papachristos et al., 2017] presented an RH-NBVP
considering about the localization and mapping uncertainty. This imple-
mentation helped the planner run in challenging environments like dark
or clutter environments. A two stage optimized next-view planning frame-
work is developped by Z. Meng et al [Meng et al., 2017]. The two-stage
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planner consists of a frontier-based boundary coverage planner and a plan-
ner returns an exploration path with the consideration of global optimality
in the context of accumulated space information. Think about reducing
the computing resources of the RH-NBVP, C. Witting et al proposed the
history-aware strategy [Witting et al., 2018]. Their planner would maintain
and use a history of visited places so that they can improve the sampling
efficiency. The Visual Saliency-aware NBVP is introduced by T. Dang et
al [Dang et al., 2018].They used visual attention to build the maps that are
annotated regarding the visual importance and saliency of different objects
and entities in the environment. Then the visual saliency information was
used by the planner to find the next best step. In the year of 2020, L. Sch-
mid et al [Schmid et al., 2020] presented RRT*-inspired online informative
path planning algorithm. This algorithm could achieve global coverage and
maximize the utility of a path in a global context, using a single objective
function.

2.4.3. Learning-based Autonomous Exploration

Neural network can also help robot improve the efficiency of the autono-
mous exploration. Zhu et al [Zhu et al., 2018] presented a Deep Reinforce-
ment Learning (DRL)-based approach to learning the exploration knowledge
to help robots perform autonomous exploration tasks. The whole explora-
tion system consisted of a DRL model, a structural integrity measurement,
and the next best view selection. This DRL model could predict an unknown
subregion for exploration. By comparing with the state-of-art, the proposed
exploration system could explore the uncertain regions with high efficiency
and a shorter path.

Zhi et al [Zhi et al., 2019] proposed a deep learning framework that
could perform mapping and exploration at the same time. This framework
included three neural networks which are semantic segmentation network,
mapping network using camera geometry, and exploration action network.
The experimental results showed the proposed framework gained over com-
petitive baseline approaches.

An autonomous exploration strategy using learning-based techniques
was given by Sampedro et al [Sampedro et al., 2019]. In order to solve
the Search and Rescue (SAR) missions in indoor complex environments, a
fully autonomous robotics solution was introduced. This solution included
two learning-based algorithms which are a computationally-efficient CNN
based object recognition and an Image-based Visual Servoing (IBVS) using
DRL. The proposed solution had been validated in multiple simulation and
real flight experiments.
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In 2020, a deep reinforcement learning-based algorithm using a deep
neural network to learn the exploration policy was presented by Li et al [Li
et al., 2020]. The proposed algorithm was based on a general exploration
framework via decomposing the exploration process into the decision, plan-
ning, and mapping modules. The tests on the physical robot showed that
the learning policy could be successfully transformed from simulation to
real.

Reinhart et al [Reinhart et al., 2020] presented a learning-based path
planner with the purpose of autonomous exploration in the underground
mine drifts and tunnels. This planner was trained only with limited data
from onboard LiDAR but achieved nearly the same performance as the trai-
ning expert. The proposed planner also needed fewer computation resources
while maintained an online map.
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Chapter 3
Collision Avoidance Planning
in Dynamic Environments

Collision avoidance is a key challenge in the area of autonomous naviga-
tion in unstructured environments and moreover in dynamics environments.
Nowadays, a lot of researches are focus on this problem. Operation in such
situations, requires fast perception, control, and planning algorithms. Per-
ception and control modules are responsible for the localization and motion
of the robotic platform. In order to achieve collision avoidance capabilities,
especially in dynamic environments, fast and flexible planning modules need
to be implemented.

As mentioned in chapter 2, there are multiple strategies for collision
avoidance in dynamic environments. In this chapter, the collision avoidance
methods using three main onboard sensors that are the monocular camera,
LiDAR system, and RGB-D camera are discussed.

The remainder of the chapter is organized as follows. In Section 3.1,
The monocular camera-based collision avoidance strategy is introduced. The
collision avoidance system using LiDAR is given in Section 3.2. The RGB-D
camera-based collision avoidance approach and related sensing technologies
are shown in Section 3.3. Finally, Section 3.4 concludes this chapter and
summarizes future research directions.
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3.1. Collision Avoidance in Dynamic Envi-

ronments using Monocular Vision

3.1.1. Introduction

Collision avoidance in dynamic environments is still an unsolved pro-
blem because of the requirements of fast perception, planning and control
algorithms when robots operating in a dynamic environment. During the
last years, this problem has attracted a lot of researchers’ attention and se-
veral methods have been proposed [Sampedro et al., 2018,Sampedro et al.,
2017, Carrio et al., 2017]. Among these methods, the following ones have
gained a lot of interest within the research community, Artificial Potential
Field (APF), geometry-based approach, Velocity Obstacle (VO), Partially
Observable Markov Decision Process (POMDP), learning-based method and
sampling-based strategy.

The proposed method can be thought of as a kind of geometry-based
strategy because the obstacles are described using geometric models (spheric
obstacle in this case). In this method, first of all, a dataset of the obstacles
is built and the tiny version of the YOLOv3 model [Redmon and Farhadi,
2018] is trained to detect them. Next, the 3D positions of the centers of the
obstaces are computed using an Iterative PnP algorithm. Then, an online
trajectory planner uses an RHC framework is applied to plan a path. Finally,
an MPC trajectory controller is employed to fly the planned trajectory.

The remainder of the section is organized as follows. Section 3.1.2 pre-
sents problem formulation. In Section 3.1.3, the proposed methodology is
introduced. The experimental results and discussion are showed in Section
3.1.4. And finally, Section 3.1.5 concludes the paper and summarizes future
research directions.

3.1.2. Problem Formulation

Robot Model Assumption

A multirotor UAV has been used in this section. The multirotor UAV has
6 Degrees of Freedom (DoF), 3 DoF in translation and 3 DoF in rotation,
and can fly freely in the 3-dimensional environment. The onboard sensors of
the UAV are a front RGB camera and an Inertial Measurement Unit (IMU)
sensor. The front RGB camera is used to detect obstacles within its the
Field of View (FOV) and the IMU sensor is used for estimating the pose of
the UAV. In this paper, the UAV is modelled as a sphere that fully contains
the UAV.

32



Chapter 3. Collision Avoidance Planning in Dynamic
Environments

Environment Model Assumption

The operating environment in this section is an environment with dy-
namic obstacles, modelled as spheres. The size of the obstacles is given but
their positions are unknown. The initial point Pinit and goal point Pg are
given and the robot should move from Pinit to Pg without collision. The
robot is thought as reaching Pg when the distance from the center of the
robot to Pg is smaller than the threshold LG. The environment model which
is used in the section is shown in Fig.3.1.

Figure 3.1: The environment model with dynamic obstacles.

3.1.3. Methodology

Unlike other algorithms in the state of the art that are based on other
advanced sensors such as LiDAR or depth camera, we here propose a met-
hodology that is based on a collision detecting and avoidance strategy using
monocular vision, and therefore more suitable for drones that have limited
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payload. The description of the proposed architecture for autonomous na-
vigation is shown in Fig.3.2. There are three main parts in it, which are
robot localization , obstacles detecting and pose estimation and
online RHC trajectory planner and controller. The part of the robot
localization is based on our previous work [Bavle et al., 2018].

Figure 3.2: Architecture of the autonomous navigation method proposed.

Obstacles Detection and Pose Estimation

In this section, the tiny YOLOv3 is trained to detect the obstacles. It’s
an object detector that uses features learned by a deep convolutional neural
network to detect an object. Given the controlled experimentation condi-
tions of this work, a very naive obstacle detection method ( for example
thresholding by color and circle detection) based on classical computer vi-
sion can be designed, but this could not work on future experimentation
that includes real world flights. The reason of using YOLO instead of an
easier method is to take un account the noise that would be introduced by
the detector in the real world. The detector trained by tiny YOLOv3 has a
very high frame rate and can be run real-time with a Graphics Processing
Unit (GPU). The average processing time is 15ms using a GeForce GTX
1050Ti GPU. The output of the detector are the bounding boxes which
enclose the detected obstacles. The dataset used to train the network has
been derived from OpenImages V4.

34



Chapter 3. Collision Avoidance Planning in Dynamic
Environments

In order to calculate the pose of the obstacles with sufficient accuracy,
the bounding boxes should enclose the obstacle completely. And because
the obstacles in this work are spheric obstacles, the bounding boxes should
have a square shape. As it can be seen from Algorithm 1, if the quotient
between the bounding box’s width w and height h is within a predefined
range of [σ0, σ1], the bounding box is considered valid and used to compute
the center of the obstacle.

With selected bounding boxes, an Iterative PnP algorithm [Rodriguez-
Ramos et al., 2016] is used to compute the 3-dimensional position of the
center of the obstacles. The average processing time of the iterative PnP is
14 ms when running on a laptop with an Intel Core i7-8750H CPU.

Algorithm 1 Bounding Boxes Filter

Input: Bounding Boxes From Detectors
Output: Bounding Boxes Selected

1: B0 ← Bounding Boxes From Detectors
2: for Bounding Boxes B in B0 do
3: if σ0 < B.width/B.height < σ1 then
4: Bounding Boxes Selected← B
5: end if
6: end for

Online RHC Trajectory Planner and Controller

The RHC framework based trajectory planner is used in order to find the
best trajectory from a trajectory library. In this section, firstly, some ideas
from Andreas Bircher et al [Bircher et al., 2016] are used to generate online
goal candidates and some ideas from Zheng Fang et al [Fang et al., 2017]
are applied to build the CHO objective function. Then the CHO objective
function is used to generate a trajectory library. The initial point and goal
point of the path are the current robot position and the generated goal
candidates, respectively. Finally, the trajectory with the lowest objective
function value is selected as the best trajectory.

The Rapid Random Tree (RRT) framework [Karaman and Frazzoli,
2011] is used to generate the goal candidate nodes. As it can be seen from al-
gorithm 1, first we set the number of maximum goal candidate nodes Nmax,
next a random node is generated in the predefined goal candidates searching
area VS, then we find a goal candidate by Nearest and Steer function from
the RRT framework and store this goal candidate. The Nearest function
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is responsible for searching for Pnearest and Steer function is used for ge-
nerating Pnew, detail information about these two functions can be found
from [Karaman and Frazzoli, 2011]. At last, if the number of goal candi-
dates is larger than Nmax, the online goal candidates generation process is
finished.

A modified objective function for CHO is built to create the trajectory
library and search for the best trajectory. Our objective function measures
four different aspects of the trajectory planning problem. First, in order to
get a smooth path, a penalization is added based on dynamical criteria, like
velocities and accelerations to the trajectory. Next, the trajectory is penali-
zed by the distance from the trajectory waypoint to the objects to make the
trajectory avoid obstacles. Then, the end of the trajectory is penalized by
the distance from it to the final goal, which can help the trajectory planner
plan a trajectory close to the final goal ξg. Finally, the trajectory is penali-
zed by the distance from its waypoint to the ground to make the trajectory
go far away from the ground. These four items are described by fs, fo, fg,
fa respectively, and define the objective function by summing their weights:

f(ξ) = w1fs(ξ) + w2fo(ξ) + w3fg(ξ(1)) + w4fa(ξ) (3.1)

As described above, the trajectory is ξ and ξ(s) is the function mapping
the trajectory length s to the robot configurations, the initial and end con-
figurations of the trajectory ξ is ξ(0) and ξ(1) respectively. The waypoints
in the trajectory ξ are 3 DoF point {x, y, z}. w1, w2, w3 and w4 are the
weights for each objective functions.

The objective functions of fs, fo, fg are the same from [Fang et al., 2017]:

fo(ξ) =

∫ 1

0

co(ξ(s))‖
d

dt
ξ(s)‖ds (3.2)

fs(ξ) =
1

2

∫ 1

0

‖ d

dt
ξ(s)‖2ds (3.3)

fg(ξ(1)) = ‖ξ(1)− ξg‖ (3.4)

co(ξ(s)) in the objective function is the obstacle cost for the spheric
obstacle obstacle:

co(ξ(s)) =
w0Ro

3
(1− Dist(ξ(s))

Ro

)3 (3.5)

w0 is the weight and Ro is the radius of the spheric obstacle obstacle.
Dist(ξ(s)) is the distance from the waypoints in the trajectory to the center
of the spheric obstacle.
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The objective function of fa is learned from [Zucker et al., 2013]:

fa(ξ) =

∫ 1

0

ca(ξ(s))‖
d

dt
ξ(s)‖ds (3.6)

ca(ξ(s)) in the objective function is the altitude cost:

ca(ξ(s)) =

{
(Alt(ξ(s))− ε)2, Alt(ξ(s)) ≤ ε

0, Alt(ξ(s)) > ε
(3.7)

Alt(ξ(s)) is the altitude of the waypoints of the trajectory ξ and ε is
predefined the minimum value of the altitude.

The path library is generated by using the objective function f(ξ) and
the best trajectory is the trajectory with the lowest objective function value
and optimized by minimizing the objective function f(ξ).

After obtaining the trajectory, an MPC based trajectory controller which
is similar to [Kamel et al., 2017] is used to follow the robot to correctly follow
the planned trajectory.

While the robot is flying along the trajectory, the status of several tra-
jectory points in front of the robot are checked. If the distance from one
of the trajectory points to the center of the obstacles is smaller than the
obstacles’ radius, the trajectory planner searches for a new trajectory to fly.

Algorithm 2 Online Goal Candidates Generate

Input: Current Robot Position
Output: Goal Candidate Nodes

1: P0 ← Current Robot Position
2: T ← P0

3: NT ← 0
4: while NT < Nmax do
5: Prand ← SampleFree(VS)
6: Pnearest ← Nearest(T, Prand)
7: (Pnew, Tnew)← Steer(Pnearest, Prand)
8: Put Pnew in Goal Candidate Nodes
9: NT ← NT + 1

10: end while
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3.1.4. Experimental Results and Discussions

Experimental Setup

RotorS Gazebo simulation environment and Robot Operating System
(ROS) have been used under Ubuntu 18.04. The Rviz/Gazebo environment
can use real physical parameters of the robot and environment. All the ex-
periments run on a laptop with Intel Core i78750H at 2.2GHz, a GeForce
GTX 1050Ti GPU. The simulation of the proposed navigation method is
integrated into the open source framework Aerostack1. The simulation en-
vironments are 3D indoor environments. The UAV in the simulation is the
AscTec Hummingbird, which is equipped with a front RGB camera. The
front camera takes charge of receiving information from the environment
in which the robot operates. The UAV can fly freely in the 3-dimensional
environment.

Evaluation of Obstacle Pose Estimation

The environment which is shown in Fig. 3.3 is used to evaluate the per-
formance of our obstacle pose estimation algorithm. The size of the environ-
ment is 10m× 12m. The multirotor UAV hovers at the point (0, 0, 1,1)m,
the proposed approach for obstacle detection and pose estimation strategy
are used to calculate the center of the obstacles by using the images cap-
tured from the UAV’s front camera. The obstacle pose estimation strategy
is tested with two different spheric obstacles. The radius of these spheric
obstacles is 1m and 1,5m, respectively. The position of obstacle generates
randomly in the obstacle area. The obstacle area is a cube area, the center of
the area is (5, 0, 1,125)m. The length (L), width (W) and height (H) of the
obstacle area is 6m, 6m and 1,5m respectively. The proposed algorithm
runs 1000 times for the spheric obstacles mentioned above respectively, and
compute the error which is the euclidean distance of the estimated obstacle
center position and Gazebo ground truth. Then, Max Error (MaxE), Min
Error (MinE), Mean Error (ME) and Root Mean Square Error (RMSE) is
calculated and can be seen from Table. 3.1

Experiments of Reactive Navigation

The environment shown in Fig. 3.1 is used to test the performance of
our autonomous navigation system. In the environment, there are 3 dynamic
obstacles which have a sinusoidal trajectory. The initial point of the robot
is (0, 0, 0)m. The coordinate x, y and z are randomly generated between

1www.aerostack.org
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Figure 3.3: The environment used to evaluate the performance of obstacle
pose estimation algorithm.
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Figure 3.4: Three views of three flight trajectories.
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obstacle radius = 1m obstacle radius = 1.5m
MaxE (m) 1.9534 3.3951
MinE (m) 0.0105 0.0135
ME (m) 0.3061 0.2981
RMSE (m) 0.2315 0.3114

Table 3.1: Results of obstacle pose estimation.

[8, 8,5]m, [−3, 3]m and [0,75, 1,5]m, respectively. The proposed algorithm
runs 50 times in the environment. Tab. 3.2 shows the results after running
the algorithm 50 times. In the table, the Successful Rate (SR), Path Length
(PL), Time to the Goal (TG), Maximum Velocity (MaxV) and Mean Ve-
locity (MeanV) express the performance of successful flight from the initial
point to the goal point, the mean length of the path, the average time to
reach the goal, the average maximum velocity, and the average velocity for
the 50 runs.

SR ( %) 82
PL (m) 9.8848
TG (s) 28
MaxV (m/s) 0.7012
MeanV (m/s) 0.3223

Table 3.2: Results after 50 runs of our navigation algorithm in the dynamic
environment.

Fig. 3.4 shows 3 flying trajectories from the 50 runs. The figure of top left,
bottom left and bottom right correspond respectively to the top view, left
view and normal view of the 3 flying trajectories in the test environment. In
the figure, the red point is the initial point which is (0, 0, 1,1)m, the yellow,
green and blue points are the goal points for different trajectories and the
purple, brown and blue line lines correspond to the 3 different trajectories.
The red spheric obstacles are the dynamic obstacles which move with a
sinusoidal trajectory.

A video description of these flights for the 3 trajectories can be seen
from https://vimeo.com/347564788.
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Discussions

As it can be seen from Tab. 3.1, there are some errors in the obstacle
pose estimation. However, the SR in Tab. 3.2 shows that it is still valid for
the proposed trajectory planner. The SR in Table 2 also shows that the see-
and-avoidance strategy can be used for navigation in an environment with
dynamic spheric obstacles with a maximum velocity of 0,7012m/s and an
average velocity of 0,3223m/s.

In this section, a Gazebo simulation environment is built and the Rotors
Gazebo simulator is used to evaluate the proposed algorithm, Rotors Ga-
zebo model incorporates a good dynamic model for the aerial robot which
can provide realistic flight behaviors and it is widely used in the research
community [Cieslewski et al., 2017,Oleynikova et al., 2016].

3.1.5. Conclusions

In this section, a method for autonomous UAV see-and-avoidance in an
environment with dynamic obstacles has been presented. An obstacle detec-
tor based on YOLOv3 and an iterative PnP algorithm are used to estimate
the relative position of the obstacles. Then, an online RHC trajectory plan-
ner is used to plan a trajectory and finally, the robot is controlled using an
MPC controller in order to guide it to the goal waypoint. The experiment
results show that this is a valid approach for UAV navigation in dynamic
environments.

3.2. Collision Avoidance in Dynamic Envi-

ronments using LiDAR System

3.2.1. Introduction

Collision avoidance from onboard sensing is a key research topic for the
multirotor robot. Nowadays, a lot of researchers are working on this topic.
The challenge gets gained when it requires the robot to navigate without
collision in a totally unknown environment with only a limited field of view
(FOV). The collision avoidance system developed for this challenge, it can
also be called a reactive navigation system. Operation in this situation, the
collision avoidance system needs fast and robust algorithms for localization,
controlling, and planning.

Sampling-based planners, such as Rapidly-exploring Random Trees (RRTs)
[LaValle and James J. Kuffner, 2001], Probabilistic Roadmaps (PRMs) [Ka-
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vraki et al., 1996], and Expansive Space Trees (ESTs) [Hsu et al., 2002], are
usually used inside the planning module for safe navigation featuring colli-
sion avoidance capabilities. As mentioned by Michal Kleinbort et al [Klein-
bort et al., 2020], collision checking plays a very important part in reducing
the time of collision-free path finding of sampling-based planners. There
are two main computations in the normal operation of sampling-based path
planners: 1) determine whether a configuration is collision-free or not; 2)
test if the straight line segment connecting two configurations lies in the
free configuration space or not. Thus, in this section, the efforts are focus
on improving the aforementioned components for collision checking, which
would lead to speed up the collision-free pathfinding procedure.

In this section, the SDF is used to represent the obstacles and a new
collision checking algorithm is designed. Subsequently, the proposed collision
checking algorithm is integrated within an RRT* planner. Then the RRT*
planner, which uses a random shot cut [Sekhavat et al., 1998] and Optimal
Polynomial Trajectory algorithms are implemented [Richter et al., 2016]. At
last, a reactive navigation system is built. This reactive navigation system
combines an MPC based trajectory controller which is similar to [Kamel
et al., 2017] from our aerial robotic framework Aerostack1 [Sanchez-Lopez
et al., 2016] and the RRT* planner. There are two key innovations in our
work: a) A novel SDF based fast collision checking algorithm is integrated
within an RRT* planner, which does not depend on the geometry of the
obstacles. b) The proposed algorithm has been thoroughly evaluated in
a wide range of simulation scenarios using the RotorS Gazebo simulator
[Furrer et al., 2016], which provides realistic dynamics for the UAVs.

The remainder of the section is organized as follows. In Section 3.2.2,
the problem formulation is introduced. The proposed collision checking al-
gorithm and reactive navigation system are described in Section 3.2.3 and
3.2.4. The experiment results and discussion are shown in Section 3.2.5, and
finally, Section 3.2.6 concludes this section and summarizes future research
directions.

3.2.2. Problem Formulation

This section describes in detail the formulation followed for representing
the UAV and the obstacles within the planning problem. The model of
multirotor UAV is described first and then the obstacles representation is
given.
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Model Assumption

The obstacle avoidance and reactive navigation simulations are based
on the following assumptions:

The multirotor UAV has 6 DOF pose encompassing the translation,(x, y, z)T ,
and rotational, (φ, θ, ψ)T , where φ, θ and ψ represent the roll, pitch and yaw
of the UAV. Thus the UAV can fly freely in the 3D environment. In prac-
tice, the UAV’s body can be approximated by a set of geometric primitives
which enclose it, such as spheres, capsules, and polyhedral. In this paper,
The body of the UAV is approximated as a sphere which has a risk radius
of Rrisk. Risk radius means the minimum safe distance from obstacle to
robot. The main on-board sensor are a Hokuyo-laser which can detect the
environment within the sensor’s Field Of View (FOV) and an Inertial Mea-
surement Unit (IMU) sensor which can estimate the attitude and heading
of the UAV.

Obstacles Representation

Obstacles are represented by the function Dist(x) which is used to com-
pute the distance from any point in the environment to the surface of the
nearest obstacles. Assuming all obstacles are closed objects with finite vo-
lume, if the point x in the environment is inside an obstacle, Dist(x) is
negative, whereas if the point x is outside all obstacles, Dist(x) is positive,
and Dist(x) is zero if the point x lies on the frontier of an obstacle.

In general, there are two ways to compute the distance function, one is
using geometric obstacle primitives (such as boxes, spheres and cylinders)
and another approach consists of using the Euclidean Distance Transform
(EDT) [Felzenszwalb and Huttenlocher, 2012]. However the obstacles (com-
plicate, non-convex shapes) cannot be easily represented by geometric obs-
tacle primitives. For these reasons, an efficient EDT algorithm is used to
compute the function by using a boolean obstacle grid. The boolean obsta-
cle grid can be built from raw laser information or hector SLAM mapping
[19]. The SDF which is Distimg(x), as shown in Fig.3.5c, is computed by ta-
king the difference of distance function d(ximg) which is Distance Field (DF)
(Fig.3.5a) and its complement d(ximg) (Fig.3.5b). Fig.3.5a and Fig.3.5b are
calculated by using the EDT from the laser scan of the multirotor UAV in
the Gazebo environment (Fig.3.5d). d(ximg) is the distance in pixels from
any point in the image to the nearest obstacle and d(ximg) is the comple-
ment of d(ximg), and Distimg(x) is the SDF and given by the difference of
d(ximg) and d(ximg).
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(a) (b)

(c) (d)

Figure 3.5: SDF transformation. (a) is the DF, (b) is the DF Complement,
(c) is the SDF and (d) is the Gazebo environment for illustrating the process.
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The process of calculating Distimg(x) is shown in (3.8).

Distimg(x) = d(ximg)− d(ximg) (3.8)

After computing Distimg(ximg), a transformation from world frame to
image frame is performed, then the distance function Dist(x) can be com-
puted by multiplying Distimg(ximg) by the resolution of the SDF which is
res in the equation.

The process of computing Dist(x) is described in (3.9).

Dist(x) = Distimg(T
FIMG
FW

(x))× res (3.9)

Where T is the transformation from world frame FW to image frame
FIMG.

3.2.3. Signed Distance Field-based Collision Checking
Algorithm

With the distance function Dist(x), a new strategy is designed to check
the collision between the line segment and the obstacles.

Assuming there are finite obstacles and a line segment in the environ-
ment. The start point of the line segment is xi and the end point is xj. The
distance from one point in the line segment to the surface of the nearest
obstacles is Dist(xi), i ∈ 0, 1, 2, · · ·, j − 1, j. Rrisk is the safety radius of
robot when it moves within the environment.

Lemma 4,1: For xi, Dist(xi) > Rrisk, there is a point xi+1 in the line
segment, for which the distance between xi and xi+1 is Dist(xi) − Rrisk.
For all the segment points between xi and xi+1 in the line segment, there is
no obstacle near to them in the distance of Rrisk.

Proof.
As can be seen from Fig.3.6, Crisk is a circle whose radius is Rrisk(d3 in

Fig.3.6) and its center can move between xi and xi+1. C1 and C2 are the
obstacles, Ci represents the circles whose radius d1 is the distance to the
nearest obstacle C1 from xi. It means there is no obstacle in the area of
Ci, so proof Lemma 4.1 is equal to proof all the area of Crisk is in the area
of Ci. For the point p ∈ (xi, xi+1) which is the center of Crisk, (3.10) and
(3.11) can be used to judge if Crisk is in the area of Ci or not.

FIsCircleIn(p) = Dist(xi)−Rrisk − ||p− xi|| (3.10){
Crisk 6⊂ Ci, FIsCircleIn(p) < 0
Crisk ⊂ Ci, FIsCircleIn(p) ≥ 0

(3.11)
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As Dist(xi) and Rrisk is static, so if FIsCircleIn is not less than 0 when
||p− xi|| comes to the biggest value, Crisk is in the area of Ci. Because
the distance between xi and xi+1 is Dist(xi) − Rrisk, the biggest value of
||p− xi|| is Dist(xi)−Rrisk(when p reaches xi+1) and the value of FIsCircleIn
is 0, so all the area of Crisk is in the area of Ci and Lemma 4.1 is proved.

Figure 3.6: Collision checking method, d0, d1, d2 and d3 are equal to
Dist(xi)−Rrisk, Dist(xi), Dist(xi+1) and Rrisk respectively.

Equation (3.12) shows the strategy to find xi+1 and (3.13) shows the
strategy of collision checking.

xi+1 = xi +
Dist(xi)−Rrisk

||xixj||
· −−→xixj (3.12)

CheckCollision(xi) =

{
1, Dist(xi) ≤ Rrisk

0, Dist(xi) > Rrisk
(3.13)

Assuming there is no obstacle in Crisk when the center of it is xi, In order
to check if the line xixj is collision free, the collision checking algorithm
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keeps finding xi+1 using (3.12) and check collision of this point using (3.13).
This procedure continues until the value of CheckCollision(xi+1) is 1, which
means xixj is in collision, or until Dist(xi+1) is no less than ||xi+1xj||+Rrisk,
which means xixj is collision free.

The pseudocode of the proposed collision checking algorithm is shown
in Algorithm 3.

Algorithm 3 Proposed Collision Checking Algorithm

Input: xi, xj, Rrisk, Dist(x)
Output: Flag

1: xinit ← xi, xgoal ← xj, F lag1← False
2: eta← 0
3: eta = Norm(xinit, xgoal)
4: if Dist(xinit) < Rrisk then
5: Flag1 = True
6: break
7: else
8: xnew ← xinit
9: while Dist(xnew) < eta+Rrisk do

10: xnew ← xnew + Dist(xnew)−Rrisk

||−−−−−−→xintxgoal|| · −−−−−→xinitxgoal

11: eta = Norm(xnew, xgoal)
12: if Dist(xnew) <= Rrisk then
13: Flag1 = True
14: break
15: end if
16: end while
17: end if
18: return Flag1

3.2.4. Optimal RRT*-based Reactive Navigation Sys-
tem

By using the SDF based collision checking algorithm, a reactive navi-
gation system is developed in this section. This reactive navigation system
is based on an RRT* framework. Four main improvements have been done
to properly integrate the proposed system onboard an aerial robotic plat-
form to perform reactive navigation tasks. 1) using the proposed SDF based
collision checking algorithm to check collisions, which is described in sec-
tion 3.2.3. 2) a random short cut algorithm is applied to shorten the path
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Figure 3.7: The process of the proposed reactive navigation system.
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generated by the RRT* algorithm. 3) an Optimal Polynomial Trajectory
algorithm is applied to smooth the path after shortening. 4) building the
reactive navigation system on top of our software architecture named Ae-
rostack.

The whole system is shown in Fig.3.7. Firstly, a raw path is computed
using the RRT* planner with the information of initial point Xinitial, goal
point Xgoal and the distance function Dist(X). Then the raw path is shorte-
ned by a path shortening module and smoothed by a polynomial trajectory
optimization module. Lastly, a control system is used to fly the multirotor
UAV. During the flight, if there is a collision between the trajectory and
newly detected obstacles, the planner plans a new raw path. This process
will not stop until the multirotor UAV reaches the goal.

RRT*

For a better comprehension of the entire document, the main features
of the RRT* algorithm [Karaman and Frazzoli, 2011] is described, which
is an extension of the standard RRT algorithm. The pseudocode is shown
in algorithm 4. Compared with standard RRT algorithm, there are two
main improvements. 1) RRT* algorithm chooses near nodes around a new
extended node. These near nodes are in a sphere region whose center is the
new extended node. the radius of the sphere region is γ( logn

n
)1/d, d is the

dimension and γ is a constant. The algorithm chooses the best parent of
the new extended node from these near nodes. 2) A rewire function which
changes the parent of the nodes in the sphere region if the cost from new
extended node to them is less than their previous cost. This behavior is
shown in line 10 of the pseudocode presented in Algorithm 4.

A detail description of the functions in the pseudocode can be found
in [Karaman and Frazzoli, 2011].

Path Shortening

In order to shorten the raw path generated from the RRT* planner,
a random short cut algorithm is applied. The pseudocode is shown in
Algorithm 5. N is the number of the segment points in the raw path.
NewPathSegment(P(xi),P(xj)) is a new path segment. The start point and
end point of the path segment are P (xi) and P (xj) respectively.

NewLine(P(xi),P(xj)) means generating a new path segment from P (xi)
to P (xj) and OldLine(P(xi),P(xj)) means using the raw path segment from
P (xi) to P (xj).
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Algorithm 4 RRT∗ Path Planner

Input: Pinitial , Pgoal
Output: Path

1: T ← Pinitial, Iteration← N
2: while true do
3: Prand ← SampleFree()
4: Pnearest ← Nearest(T, Prand)
5: (Pnew, Tnew)← Steer(Pnearest, Prand)
6: if ObstacleFree(Pnew) then
7: Pnear ← Near(T, Pnew, R)
8: Pmin ← BestParent(Pnear, Pnearest, Pnew)
9: T ← (Pnew, T );

10: T ← Rewire(T, Pmin, Pnear, Pnew)
11: end if
12: if Reach(Pgoal) or Iteration ≥ N then
13: Pub(Path{Pinit, · · · , Pgoal})
14: break
15: end if
16: end while

Figure 3.8: Collision checking and trajectory re-plan.
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Algorithm 5 Random Short Cut Algorithm

Input: Praw
Output: Pshorten

1: NumFail ← 0
2: while NumFail < MaxNumFail do
3: failure← true
4: N ← Number of Segment Points in Path
5: x1 = Rand(0, N − 1)
6: L01 = NewPathSegment(Praw(0), Praw(x1))
7: L12 = NewPathSegment(Praw(x1), Praw(2))
8: if ObsFree(L01) then
9: Pnew ← L01 , failture← false

10: else
11: Pnew ← OldLine(Praw(0), Praw(x))
12: end if
13: if ObsFree(L12) then
14: Pnew ← NewLine(Pnew, L12)
15: failture← false;
16: else
17: Pnew ← OldLine(Pnew, Praw(2))
18: end if
19: Praw = Pnew
20: if failture then
21: NumFail = NumFail + 1
22: end if
23: end while
24: Pshorten = Praw
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Optimal Polynomial Trajectory

After shortening, it is also very important to smooth the path to make
it possible for a multirotor UAV to follow. In order to smooth the shortened
path, the optimal polynomial trajectory approach is used. This approach
considers a differential flat representation of the multirotor UAV model and
transforms the shortened path into a smooth path through an optimization
between the time taken for traversal and the snap of the path.

Trajectory Control System for Multirotor UAV

An MPC based trajectory controller which is similar to [Kamel et al.,
2017] is used to fly the multirotor UAV. The smooth trajectory is interpo-
lated into several points and UAV flies these trajectory points.

As can be seen in Fig.3.8, the red trajectory is the current smooth tra-
jectory. A few trajectory points in the flight way of the multirotor UAV are
checked. If there is one trajectory point within an obstacle, the minimum
distance from the point to the obstacle is less than Rrisk. For example, P
is the trajectory point, when Dmin is less than risk radius, a new trajectory
is found (the orange trajectory in Fig.3.8). The UAV will follow the new
trajectory until it reaches the goal or a new collision is detected.

3.2.5. Experiments and Results

Experimental Setup

RotorS Gazebo simulation environment and Robot Operating System
(ROS) [Quigley et al., 2009] are used to run on the top of Ubuntu 18.04.
The Rviz/Gazebo environment can use real physical parameters of robot
and environment model. All the experiments run on a laptop with Intel
Core i7-8750H at 2.2GHz, 16GB memory. The simulation of the proposed
navigation system is integrated into our open source framework Aerostack.
The simulation environments are 3D indoor environments. The UAV in the
simulation is the AscTec Hummingbird, which is equipped with a Hokuyo
laser rangefinder UTM-30LX with a FOV of 270◦, maximum range of 30 m
and minimum range of 10 cm. the laser takes charge of receiving informa-
tion from the outside environment. The UAV can fly in the 3D simulation
environment, but the information used to perform obstacle avoidance is 2D.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 3.9: Three different scenarios and their SDF transformation, the
size of the scenario is 10 × 10 m. (a), (d) and (g) represent the gazebo
environment model of scenario A, B and C respectively. (b), (e) and (h) are
the occupancy grid map of scenario A, B and C respectively. (c), (f) and
(i) are the SDF of scenario A, B and C. The map of scenario A1 and A2 in
table I and II are both built from scenario A but with different resolution.
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(a) (b)

(c) (d)

Figure 3.10: SDF computation procedure using the laser scan information.
(a) is the laser scan, (b) is the obstacle field built from the laser scan, (c) is
the SDF and (d) is a sample Gazebo environment.

55



3.2. Collision Avoidance in Dynamic Environments using LiDAR System

(a) (b)

(c) (d)

56



Chapter 3. Collision Avoidance Planning in Dynamic
Environments

(e)

(f) (g)

(h)

Figure 3.11: Three different scenarios and three flying trajectories for every
scenario. (a), (c) and (e) are the Gazebo environments. (b) and (d) are
three flying trajectories for (a) and (c) while (f), (g) and (h) are three flying
trajectories for (e).
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Table 3.3: Comparison of the proposed algorithm and baseline algorithm.
The scenarios used in the test are shown in Fig.3.9. PT is the mean time
to achieve a feasible path and SR is the performance for finding the feasible
path in the 2000 times running respectively.

Scenario Proposed Algorithm Baseline Algorithm

Scenario A1
PT(ms) 70,78 ±12,33 306.8±85.7

SR( %) 91.04 90.40

Scenario A2
PT(ms) 10.28±1.64 16.9±5.35

SR( %) 92.09 88.55

Scenario B
PT(ms) 10.46±1.65 26.8±8.15

SR( %) 81.89 79.15

Scenario C
PT(ms) 10.53±1.77 33.65±7.45

SR( %) 88.44 86.60

Comparison of The Proposed Collision Avoidance Algorithm and
Baseline Algorithm

Baseline Algorithm: An RRT* with a standard way to perform collision
checking [Kleinbort et al., 2020] is used as the baseline algorithm. In order
to detect if a line segment in the environment is in collision or not, the line
is split into finite number of points. If one of the points is in collision, the
line is defined as in collision.

In order to test the performance of the collision checking algorithm, the
proposed and the baseline algorithms is integrated into an RRT* planner.
In order to evaluate and compare the proposed algorithm and the baseli-
ne algorithm, three different scenarios are built in the Gazebo simulation
environment. Then, the Hector-SLAM ROS package is used to build the
occupancy grid map.

For comparison, four different scenarios A1, A2, B and C are used. These
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Table 3.4: Results obtained in the evaluation of the proposed algorithm in
the scenarios of Fig.3.9.

Scenario Mapping Time(ms) Path Finding Time(ms)

Scenario A1 70.7±12.3 0.0875±0.0308

Scenario A2 10.2±1.6 0.0882±0.0404

Scenario B 10.3±1.6 0.161±0.0577

Scenario C 10.3±1.7 0.235±0.0764

scenarios are shown in the Fig.3.9. The occupancy grid map of scenario A
has two different resolutions, one is 0.01 m/pixel and the size is 1000 × 1000
pixels (scenario A1 in Tables 3.3 and 3.4), the other one is 0.025 m/pixel
and the size is 400 × 400 pixels (scenario A2 in Tables 3.3 and 3.4). The
main difference between scenario A1 and scenario A2 is that the number of
pixels in scenario A2 is only 16 % the number in scenario A1. The resolution
of the occupancy grid map of scenario B and C is 0.025 m/pixel and the size
is 400 × 400 pixels. For every scenario, the coordinate of center is (0, 0), the
coordinate of lower left corner is (−5, 5), the coordinate of lower right corner
is (−5,−5), the coordinate of upper left corner is (5, 5) and the coordinate
of upper right corner is (5,−5).

In every scenario, the RRT* based planner with the proposed collision
checking algorithm and the RRT* baseline algorithm are executed 2000
times. In scenario A1 and A2, coordinate x of initial point and goal point
are randomly generated between [−4,8, 4,8], coordinates y are -4.5 for the
initial point and 4.5 for the goal point. In scenario B, both coordinates (x
and y) of initial point are randomly generated between [−1, 1], coordinate
x and coordinate y of goal point are randomly generated between [−3, 3]
and [−4,−2] respectively. In scenario C, the coordinates corresponding to
the initial takeoff point of the UAV are set randomly between [−1, 1] and
[0, 2], on the other hand, the coordinates of the goal varies between [3, 3,5]
and [−1, 4]. Then the average time of planning a feasible path, as well as
the successful rate to find a feasible path are measured. In order to achieve
the best performance, the number of iterations for the RRT* algorithm are
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selected to be 200, 400, and 600 in the scenarios A1, A2, and B respectively.
The results are shown in Tables 3.3 and 3.4.

In Table 3.3, PT is the mean time to achieve a feasible path and SR is
the performance for finding the feasible path in the 2000 times running. In
Table 3.4, the average mapping time for building SDF from occupancy grid
map and the path finding time of the proposed algorithm are given.

Simulation Results of the Reactive Navigation System

As shown in Fig.3.10, from an specific time step during the flight in
a Gazebo simulation scenario (see Fig.3.10d), the current laser scan (see
Fig.3.10a) is used to build the obstacle field (see Fig.3.10b), from which the
SDF is computed (see Fig.3.10c). In the simulation, the area of the sensor’s
FOV is a arc with an angle of 270◦, and its radius is 2 m. The obstacle field
is a 4 × 4 m squared area. The size of the SDF built from the obstacle field
is 200 × 200 pixels and its resolution is 0.02 m/pixel.

Regarding the simulation experiments conducted in order to test the
proposed reactive navigation algorithm, the main reasons of restricting the
range of the laser scan are: Firstly, in order to reduce the SDF mapping time
to improve the real-time performance of the proposed algorithm, which is
important for reactive navigation. Then, the planner used in the reactive
navigation system performs as a local planner.

Three different scenarios in the Gazebo simulator is built to test the reac-
tive navigation system. These scenarios can be seen in Fig.3.11a, Fig.3.11c
and Fig.3.11e. The first two scenarios contain static obstacles (Fig.3.11a and
Fig.3.11c), while the last one is made up of dynamic obstacles (Fig.3.11e).
In the last scenario, there are obstacles which can exhibit different move-
ments (a quadrilateral obstacle which can suddenly appear in front of the
robot and a cylindrical obstacle which has a sinusoidal trajectory).

A video showing the results achieved by the proposed algorithm in the
aforementioned experiments has been made available in:

https://vimeo.com/318632365.

Discussion

As can be seen from Table 3.3, the RRT* algorithm can plan a path
much faster with the proposed collision checking algorithm. The planner
saves 76.93 %, 39.17 %, 60.97 % and 68.71 % the time used by the baseli-
ne algorithm in scenario A1, A2, B and C, respectively. Table 3.3 also shows
that it does not lose any success rate when implementing the proposed co-
llision checking algorithm within the RRT* planner. Table 3.4 shows that
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Table 3.5: Evaluation of different trajectories in the Gazebo environments
which are shown in Fig.3.11. PL is the length of the trajectory, TG is the
time for the robot to reach the goal and MD is the minimum distance to
the obstacle when robot is moving in the trajectory from the starting point
to the goal point respectively.

Scenario PL(m) TG(s) MD(m)

Scenario 1

Trajectory 1(Brown) 6.09 17.15 0.6223

Trajectory 2(Purple) 6.67 22.36 0.5849

Trajectory 3(Blue) 6.90 19.87 0.6881

Scenario 2

Trajectory 1(Brown) 7.82 25.79 0.7744

Trajectory 2(Purple) 9.11 32.72 0.6067

Trajectory 3(Blue) 6.23 16.97 0.8249

Scenario 3

Trajectory 1(Left) 9.38 40.18 0.7567

Trajectory 2(Midden) 6.94 27.50 0.6123

Trajectory 3(Right) 7.26 34.62 0.7071

the required time for building the map takes a large part of the whole plan-
ning time when using RRT* planner with the proposed collision checking
algorithm. It will take much less time when using the proposed algorithm
with a pre-built map. Results presented in Tables 3.3 and 3.4 also reveal the
appropriate behavior of the proposed algorithm in scenarios with U-shaped
obstacles, as shown in Fig.5.

Table 3.6 is the evaluation of the results in Fig.7, scenario 1, 2 and 3 are
the Gazebo environments in Fig.3.11a, Fig.3.11c and Fig.3.11e respectively.
PL is the length of the trajectory, TG is the time for the robot to reach the
goal and MD is the minimum distance to the obstacle when robot is moving
in the trajectory from the starting point to the goal point.

In this paper, an extensive set of simulation experiments is conducted
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for evaluating the proposed algorithm and compare it with a state-of-the-
art path planner. These evaluation and comparison have been conducted
using the RotorS Gazebo simulator, which is widely adopted in the robotics
research community [Cieslewski et al., 2017,Oleynikova et al., 2016] as the
dynamics included in the aerial robot models provide realistic behaviors
which can provide an appropriate feeling of the behavior of the robot in
real flight conditions.

3.2.6. Conclusion

In this section, for achieving collision avoidance in a 2D dynamic en-
vironment, we propose a SDF based fast collision checking algorithm and
combine it with an optimal RRT* planner. Furthermore, the proposed al-
gorithm is integrated within Aerostack framework for aerial robotics. By
comparing the collision checking algorithm with an RRT* baseline, results
show that the proposed algorithm uses much less time to find a collision-
free path than baseline in the simulation scenarios (as shown in Table 3.3).
The results of simulations of the navigation system can also reveal that
our navigation system achieves reactive navigation in an unknown dynamic
environment.

3.3. Collidion Avoidance in Dynamic Envi-

ronments using RGB-D Camera

3.3.1. Introduction

Collision avoidance using onboard sensing is a key topic in the robotics.
The challenge involves the robot being able to move in a totally unknown
and dynamic environment, without colliding and only with a limited field
of view (FOV).

In order to overcome the aforementioned challenges, a robust and fast
obstacle detection and avoidance algorithm that can perform online loca-
lization and planning is presented in this article. In our previous work,
a laser-based collision avoidance strategy was proposed [Sampedro et al.,
2018, Lu et al., 2019b]. In this work, the previous algorithm has been im-
proved so that it only requires a depth camera. This is a better option
for an unmanned aerial platform that has limited payload and computing
resources. Except for the algorithms of [Sampedro et al., 2018, Lu et al.,
2019b], the only forward maneuver (OFM) is proposed in this article to
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Figure 3.12: The real flight environment and the aerial robot used in the
real flight experiments.

enable collision avoidance with different yaw angle. In the OFM, the ro-
bot starts with a yaw angle that heads to the goal. Thoroughly simulation
and real flight experiments are also given to evaluate the proposed collision
avoidance approach.

The work presented in this section also uses a sampling-based strategy
but enhanced by computing an EDF-based collision checking algorithm for
the collision avoidance of multirotor aerial robots.

There are two main reasons why the proposed work can achieve a shorter
computing time than the state-of-art algorithms. (1) the fast EDF-mapping
approach that can build the EDF directly from the depth input. (2) the
fast EDF-based collision checking approach that can reduce the points for
collision checking in the path segment.

The proposed work presented in this paper uses a sampling-based stra-
tegy enhanced by computing an EDF-based collision checking algorithm for
the collision avoidance of multirotor aerial robots.

Main contributions of the proposed solution are:

1) The presented collision avoidance method only uses a depth sensor
for collision avoidance and doesn’t need any information about the
geometry of the obstacles.

2) By using the novel EDF-mapping and collision detection approach, the
computing time of the collision avoidance maneuver can be reduced

63



3.3. Collidion Avoidance in Dynamic Environments using RGB-D Camera

to a range of 10.4 ms and 40.4 ms that is less than the computing
time of the state-of-the-art algorithms.

3) In the simulation experiments, the proposed collision avoidance stra-
tegy can fly the robot at 2.4 m/s in challenging dynamic environments
with 82 % success rate across 100 repetitive tests. The algorithm can
also achieve 95 % success rate of 100 repetitive tests in a challenging
static environment with a flight speed of 1.96 m/s.

The remainder of the section is organized as follows. In Section 3.3.2,
the problem formulation is introduced. The proposed EDF mapping and
collision checking algorithm are described in Section 3.3.3 and 3.3.4. The
experimental results and discussion are shown in Section 3.3.5 and 3.3.6,
respectively. Finally, Section 3.3.7 concludes this section and summarizes
future research directions.

(a) Building EDF
using depth came-
ra. (b) The Gazebo environment.

(c) Building EDF
using laser.

Figure 3.13: The EDF generation process using the information provided
by the depth and 2D laser sensors.

3.3.2. Problem Statement

This section provides detailed definitions for the robot and the environ-
ment within the dynamic collision avoidance problem. Firstly the model of
the aerial robot is given and then the definition of the environment is des-
cribed. Fig. 4.2 shows the EDF mapping algorithm process and the aerial
robot used for the experiments.
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In the dynamic collision avoidance problem herein proposed. The en-
vironment has an initial point and a goal point and the robot can only
observe a limited part of the environment. The environment has several
static or/and moving obstacles. The position and shape of the obstacles are
totally unknown when the robot starts to move in the environment. The
robot can move freely in the environment. The task is finished when the
robot reaches a sphere region of arbitrary size centered on the goal point.

In the dynamic collision avoidance problem, the robot needs to start at
an initial point Pinit and reach a goal point Pgoal without collision. The lo-
calization information can be provided by ground truth or onboard sensors.
It is considered as a collision with an obstacle when the distance from the
robot to the surface of the obstacle is less than the radius of the robot.

3.3.3. Depth Based Euclidean Distance Field Cons-
truction

Figure 3.14: Mapping the obstacle point in the obstacle field. The expla-
nation of the notation in the figure can be found in Eq. 3.14.

As it can be seen from Fig. 4.2 (c), laser scan ranges can be obtained
from LIDAR sensor. Based on the laser scan ranges, the position of the
point at the end of every laser scan range corresponding to the position
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of the robot can be found. Then these points are marked as the obstacle
region in the obstacle field. The position of the robot is the center of the
obstacle field, which represents a collection of the obstacle points. After
obtaining the previous obstacle field, the obstacle region is inflated in order
to make sure that every obstacle can be presented. The white region of the
obstacle field in Fig. 4.2 (c) is the inflated obstacle region. Eq. 3.14 shows
the formulations to get the position of obstacle points from laser scan ranges
and mark them in the obstacle field respectively. Fig. 3.14 introduces the
obstacle points mapping process of Eq. 3.14.

~∆Xi =
Ri

res
× sin θi

~∆Yi =
Ri

res
× cos θi

xi =
wobsf

2
+ ~∆Xi

yi =
hobsf

2
+ ~∆Yi

θi = θinit + i×∆θ

i ∈ (0, 1, · · ·, Rnum − 1, Rnum)

(3.14)

where res is the resolution in the equation is the resolution of the obstacle
field. The Ri, ∆θ and Rnum, are the length of the range i, the increment of θ
in the horizontal Field of View (FOV), and the amount of the ranges of the
laser , respectively. The θinit is the initial angle of the ranges of laser scan,
and the θi is the angle i of the ranges of the laser scan. The ~∆Xi and ~∆Yi
are the distances in X and Y axes from the obstacle points (xi, yi) to the
center of the obstacle field. The wobsf and hobsf are the width and height of
the obstacle field respectively.

The strategy of building the obstacle field is similar to the one using
the laser. The difference is the depth image should be transformed into the
depth scan first. By transforming the depth image to the depth scan, The
ROS package depthimage to laserscan2 has been used to transform the
depth image to a depth scan.

3.3.4. Transforming the obstacle field to the EDF

After obtaining the obstacle field, it can be transformed into the EDF by
the Euclidean Distance Transform (EDT) [?]. In order to use the EDF for

2http://wiki.ros.org/depthimage to laserscan
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collision checking, it should be changed from the world frame of reference
to the image frame. The Eq. 3.15 provides the formulation for transforming
the obstacle field to EDF.

EDFimg(x, y, z) = EDT (OF (x, y, z))

(x, y, z) = T−1 × (X, Y, Z)

T =


− sin(φ) cos(φ) 0

cos(φ) sin(φ) 0

0 0 1


(3.15)

In the Eq. 3.15, OF is the obstacle field. The (x, y, z) and (X, Y , Z)
are the coordinates in the image frame and the world frame respectively.
The T is the transformation from the world frame to the image frame. The
φ is the yaw angle.

3.3.5. Collision Avoidance using Euclidean Distance
Fields and RRT

In this section, the EDF-based collision detection strategy and the RRT-
based collision avoidance strategy are explained.

Euclidean Distance Field based Collision Detection

The classic collision checking approach splits the path segment into fi-
nite points and then checking the collision status of every point. This met-
hod has shortcomings in the sense that the numbers of path points should
be manually determined due to different environments and it is also time-
consuming because of checking unnecessary points. By using EDF, these
shortcomings can be overcome because using the EDF notation, the distan-
ce from path points to the nearest obstacle can be directly obtained. Thus,
this distance can be used to determine the path points for collision checking.
The Eq.3 shows the formulation of the collision checking algorithm.

xi+1 = xi +
Dist(xi)−Rrobot

||xinitxend||
· −−−−−→xinitxend (3.16)

CollisionDetect(xi) =


1, Dist(xi) ≤ Rrobot

0, Dist(xi) > Rrobot

(3.17)
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Rrobot is the radius of the robot. Dist(xi) is the function to calculate the
distance from xi to the nearest obstacle. xinit and xend are the initial point
and ending point of the path segment. xi and xi+1 are the current point and
next point for collision checking.

Collision Avoidance Path Planning and Replanning

This section explains how to integrate the proposed collision detecting
algorithm with the RRT path planning algorithm to solve the collision avoi-
dance problem.

The proposed EDF based collision detection algorithm can be used to
check the collision of the line segment between the new state and the nearest
state of the RRT.

For the path replanning, the EDF collision detecting algorithm is applied
for detecting the collision of the path segment between the current robot
state and next point in the planned path. The RRT path planning algorithm
will plan a new path from current robot state to the goal point when a future
collision is detected.

The planned path is then sent to the polynomial trajectory generation
algorithm and then snet the trajectory to the motion control system to fly
the robot.

3.3.6. Algorithm Complexity

The algorithm complexity is important when the computing resources
of the agent are limited. For every run of the collision avoidance maneu-
ver, firstly the EDF is constructed, then the collision checking algorithm is
working , and finally, the RRT algorithm is used to search the feasible path.

EDF building: assuming the obstacle field is an image with the size of w
× h and the FOV can be split into k scans. The algorithm complexities of the
obstacle field build and the EDT are O(k) and O(2 × m × n), respectively.
The complexity of the EDF building part is the sum of them that is O(k)
+ O(2 × w × h).

Collision checking: assuming the number of furture path points Pf and is
n. There are mi points required for collision checking in i th path segment.
The path segment connects the previous Pf and current Pf . The complexity
of the collision checking part is

∑n−1
i=1 O(mi).

Path searching: assuming the maximum iterations of RRT is num. In j
th iteration, there are aj nodes in the RRT and bj points needed for collision
checking in the path segment from the nearest node to the new node. The
algorithm complexity of the path searching part is

∑num
j=1 O(aj) +O(bj).
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The overall algorithm complexity is the sum of the algorithm complexity
that is O(k) + O(2 × w × h) +

∑n−1
i=1 O(mi) +

∑num
j=1 O(aj) +O(bj).

Figure 3.15: System architecture of the aerial platform used in real flight
experiments.

3.3.7. Experiments and Results

Experimental Setup

In this subsection, the experimental setup for the simulation experiments
and real flights are introduced.

The simulation experiments are run on top of Ubuntu 18.04 using the
Robot Operating System (ROS) [Quigley et al., 2009]. The Gazebo envi-
ronment is used to provide the environment model and the RotorS [Furrer
et al., 2016] simulation is used to provide the real physical parameters of
the robot. All the experiments run on a laptop with Intel Core i7-8750H at
2.2GHz. The robot in the simulation is the AscTec Firefly, which is equip-
ped with an RGB-D camera and an odometry sensor. The RGB-D camera
captures the information from the outside environment. The horizontal and
vertical FOV of the RGB-D camera are 114◦ and 60◦. The maximum and
minimum range of the RGB-D sensor are 0.1 m and 3 m respectively. The
resolution of the EDF is 0.02 m.

The robot can fly in the 3D simulation environment, but the information
used to perform obstacle avoidance is 2D.
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(a) Gazebo environment used for the simulation experiments.

(b) Example result of the trajectory generated
by only forward mode of the proposed collision
avoidance method.

Figure 3.16: Simulation experiments. in (b), the dotted line represents the
moving obstacles and the solid line represents the static obstacles.
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(a) Gazebo environment used for the simulation
experiments.

(b) Example results of the trajectory generated by the OFM
of the proposed collision avoidance method with different initial
yaws.

Figure 3.17: Simulation experiments and example results of the OFM when
applied in the case of different initial yaws.

71



3.3. Collidion Avoidance in Dynamic Environments using RGB-D Camera

Table 3.6: Comparison of the proposed collision avoidance algorithm with
state-of-the-art learning-based method. A set of 100 experiments were con-
ducted for each algorithm. OFM HIGH, OFM LOW mean Only Forward
Maneuver with high velocity, Only Forward Maneuver with low velocity res-
pectively. PL, TG, AV, MV, SR depict path length, time to goal, average
velocity, maximum velocity, and success rate, respectively. In the table, the
bold number mean the best performance of one parameter.

Algorithm PL(m) TG(s) AV(m/s) MV(m/s) SR( %)

OFM HIGH 10.20±1.85 16.03±5.81 0.62±0.02 2.44±0.19 82

OFM LOW 10.44±2.22 17.53±3.50 0.59±0.01 1.72±0.21 85

DDPG [Sampedro et al., 2018] 6.88±0.81 16.3±3.49 0.42±0.007 1.06±0.20 81

NAF [Gu et al., 2016] 7.57±0.77 15.75±2.88 0.48±0.05 1.07±0.06 87

Table 3.7: The experiment results of the proposed collision avoidance al-
gorithm. A set of 100 experiments were conducted for the algorithm. OFM
means Only Forward Maneuver of the proposed algorithm. PL, TG, AV,
MV, SR depict path length, time to goal, average velocity, maximum ve-
locity, and success rate, respectively. These results obtained for the experi-
ments of the scenario shown in Fig.3.17b.

Algorithm PL(m) TG(s) AV(m/s) MV(m/s) SR( %)

OFM 4.8731±1.1098 18.53±11.78 0.28±0.02 1.96±0.05 95

In order to provide different velocity modes, the closed-form trajectory
generation method [Richter et al., 2016] is applied for generating trajec-
tory commands within the maximum velocity and acceleration. Finally, the
trajectory command is sent to a model predictive controller [Kamel et al.,
2017] to move the robot.

The real flight experiments are carried out using an aerial platform.
As can be seen from Fig. 4.2, the aerial platform has an intel RealSense
D435i depth camera to receive the information from the environment and
a Pixhawk module to serve as a flight control unit. For the localization, the
robot is equipped with Lazarus, a commercial visual-inertial positioning
system (VIPS) manufactured by the Spanish company Dronomy. It relies
on two front-looking cameras and a highly-stable, 6-axis IMU. The Jetson
TX2 with a Dual-core NVIDIA Denver 2 64-bit CPU and NVIDIA Pascal
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Table 3.8: Comparison with state-of-the-art algorithms on computing time
of the collision avoidance maneuver. In the table, the bold number mean
the best performance of the computing time. The data used to calculate
the computing time of the proposed maneuver are obtained from the expe-
riments of Table 3.7.

Authors Comp. Time (ms) Authors Comp. Time (ms)

Liu et al [Sikang Liu et al., 2016] >160 Burri et al [Burri et al., 2015] >40

Chen et al [Jing Chen et al., 2016] >34 Tordesillas et al [Tordesillas et al., 2019b] >25

Chen et al [Chen and Lu, 2020] ≥ 18 Ryll et al [Ryll et al., 2019] ≈ 30

Authors Collision Checking Time (ms) Traj. Comp. Time (ms) Comp. Time (ms)

This paper 9±5 16.3±10 25.4 ±15 (>10.4)

TM Architecture GPU is chosen as the on-board computer. The weight of
the aerial robot is 1860 grams without batteries.

A random short cut algorithm [Sekhavat et al., 1998] is used to optimize
the path generated by the planning module. All the real flight experiments
were executed using on-board perception and localization in a GPS-denied
scenario.

Simulation Experimental Results

As can be seen from Fig. 3.16a, In order to validate the proposed ap-
proach in challenging conditions, a dynamic Gazebo environment of 4.4 ×
8 × 1.5 m has been created. The Gazebo environment contains four obs-
tacles that have different movements (two static quadrilateral obstacles, a
quadrilateral obstacle that can suddenly appear in front of the robot, and
a cylindrical obstacle which has a sinusoidal trajectory). In the simulation
environment, the x coordinates of the centers of the static quadrilateral obs-
tacles are -1.5 m and 1.5 m respectively, while the y coordinates of them
are both 5.5 m. The x coordinate position of the moving quadrilateral obs-
tacle can change from (2.6 m, 2.64 m) and (3.7 m, 3.75 m). The moving
cylindrical obstacle starts moving from (2 m, 0 m). The initial and goal
points are randomly generated for each repetitively experiment. The size of
the quadrilateral obstacle is 0.5 × 0.5 × 2 m while the cylindrical obstacle
is a cylinder with a base radius of 0.3 m and a height of 2 m. The random
generation range for the initial and goal point are from (1 m,1 m) to (3 m,1
m) and (1 m, 7 m) to (3 m, 7 m) respectively. Fig. 3.16b shows an example
result of the trajectory generated by the OFM of the collision avoidance
startegy.

73



3.3. Collidion Avoidance in Dynamic Environments using RGB-D Camera

Fig. 3.17a shows the simulation environment used to evaluate the pro-
posed collision with different initial yaw angles. The value of the initial yaw
angle is computed as arctan(

ygoal
xgoal

). The initial point of this simulation is

always (0 m, 0 m, 1.1 m). The goal point can be generated randomly bet-
ween the two red boxes in Fig. 3.17a. The size of the quadrilateral obstacle
is 0.3 × 0.3 × 2 m and the positions are shown in Fig. 3.17b. The 95 success
trails out of 100 trails of the proposed algorithm are shown in Fig. 3.17b.

The objective of the robot is to reach the goal starting at the initial
point. In Table 3.6, the experiments are conducted using four different co-
llision avoidance algorithms. Two of them are state of art learning-based
strategies which are the DDPG [Sampedro et al., 2018] and NAF [Gu et al.,
2016]. The other two are the Only Forward Maneuver (OFM) of the presen-
ted algorithm. Among them, the OFM HIGH, and OFM LOW mean flying
the robot with high velocity (maximum velocity is set as 2.5 m/s) and low
velocity (maximum velocity is set as 2 m/s). In Table. 3.7, the maximum
velocities for the OFM are 2 m/s. In order to provide representative me-
trics, 100 runs have been conducted for each algorithm in both simulation
environments.

The collision checking time and the trajectory computing time in Table
3.8 is collected from the 100 trails of the simulation experiments in Fig.
3.17a. In these 100 trials, there are 220 times replan due to the appearance
of unknown obstacles.

Real Flight Experimental Results

There are two different cases designed for real flight experiments. One is
a one-cylinder case and the other is a three-cylinder case. The start points
of these two scenarios are (0,0,0) while the endpoints of one cylinder and
three cylinders environments are (0,4,0) and (0,5,0) respectively. The ma-
ximum velocities in the one cylinder and three cylinders cases are 0.32 m/s
and 0.44 m/s. Fig. 3.18a and Fig. 3.18c show the trajectories of these two
experiments while Fig. 3.18b and Fig. 3.18d show the velocites varies during
the experiments.

The purpose of the real flight experiments is to confirm that the proposed
collision avoidance algorithm can run in real-time with onboard computing
and sensing.
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(a) One-cylinder case.
(b) The speeds variety in one-
cylinder case.

(c) Three-cylinder case.
(d) The speeds variety in three-
cylinder case.

Figure 3.18: Real flight experiments. The green and blue lines are the speeds
in the x and y direction while the red solid line is the sum of the absolute
speeds in the x and y directions.
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3.3.8. Discussions

Robustness of the proposed collision avoidance algorithm

Fig. 3.16b shows the strategy of only forward maneuver, the robot moves
from the initial point to the trajectory point P1, and then to trajectory
point P2 and finally to the goal point. For the OFM, the robot moves keep
a yaw angle that heads to the goal. In Table. 3.6, it can be found that the
proposed OFM approach can achieve a relatively higher success rate while
flying at a high velocity. Especially for the OFM HIGH, this maneuver
can achieve a success rate of 82 % while flying at a maximum velocity of
2.4 m/s. The results show that the performance of the presented collision
avoidance strategy is robust at high flying velocity. The success rate of the
collision avoidance method of this work is much higher when the velocity is
reduced (the OFM LOW can achieve better success rates than OFM HIGH.
The path length generated by the learning-based strategy is shorter than
the proposed method, but the value of TG is much closer (the TG value
of OFM HIGH is better than DDPG). Table. 3.7 shows the OFM has a
success rate of 95 % in a challenging environment with different initial yaw.
All in all, the experiment results show that the algorithm has a high success
rate and a robust performance in two different simulation environments.

Computing efficiency of the proposed collision avoidance algo-
rithm

Table. 3.8 shows that the proposed algorithm has a average computing
time of 25.4 ms with a minimum computing time of 10.4 ms. The average
value is better than four of the baseline algorithms while the minimum value
is better than all of them. There are three parts in the presented algorithm
that can help to reduce the computing time. 1) The proposed algorithm has
a better performance in the computing efficiency because of the efficient
EDF-building algorithm only build a local map of the environment that
is easy to update. 2) The number of the path points selected for collision
detecting is optimized by the EDF. 3) The RRT path planner combined
with a polynomial trajectory generation is computing efficiently in the local
map.

Flight speeds in real flights VS. flight speeds in simulations

As shown in Table. 3.6 and Table. 3.7, the aerial robot can achieve a high-
speed flight (up to 2.4 m/s in the dynamic environment and 1.96 m/s in the
maze environment). However, in the real flight, the maximum velocity only
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reaches 0.32 m/s and 0.44 m/s in the one-cylinder and three-cylinders cases.
The maximum velocity of the real flight experiments is slower because the
localization error is big when achieves high-speed flights that can increase
the collision possibility.

3.3.9. Fail cases in simulation experiments

As can be seen from Table 3.6 and Table 3.7, there are fail cases which
has a collision with the obstacles. The reason for these failures is that the
RRT planner can generate a path out of the FOV of the onboard sensing
and the robot can have a collision when following the path which is out of
FOV at a high flight speed.

3.3.10. Conclusions

In this work, a fast and robust collision avoidance approach is intro-
duced. This approach is the combination of a depth-based EDF building
method and an RRT-based collision avoidance path generation strategy.
The experimental results show that the proposed collision avoidance algo-
rithm has a high success rate at high speeds (up to 2.4 m/s). Furthermore,
it also has a high computing efficiency (the minimum computing time of
the collision avoidance maneuver can be 10.4 ms). Two state-of-the-art
learning-based algorithms have been used as a baseline for benchmarking
the robustness and six state-of-art collision avoidance algorithms have been
applied for benchmarking the computing efficiency.

3.4. Conclusions

In this chapter, based on the problem of collision avoidance in dyna-
mic environments, the collision avoidance strategies using three common
onboard sensors (monocular camera, LiDAR system, and RGB-D camera)
are discussed.

First of all, the collision avoidance methods using the monocular camera
are given. This method uses a detector trained by YoLo v3 to detect the
obstacles and an iterative PnP algorithm to estimate the pose. The collision
avoidance maneuvers are generated using an RH-CHOMP and an MPC.
This proposed strategy is validated by the simulation experiments. The
experiments also show there are still errors in the pose estimation that can
be further improved.
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Then, a fast collision detecting and avoidance strategy using LiDAR
system are presented. The innovation of this strategy is the SDF generated
directly from the laser scans. The SDF can provide the nearest distance
from any point in the FOV to the obstacles. reactive navigation and colli-
sion avoidance system is built based on the SDF using the RRT planner,
polynomial trajectory generation, and an MPC. The simulation experiments
show the efficiency of the proposed collision avoidance system.

Finally, Thinking of the limited payload and computing resources on-
board MAV, the RGB-D camera is used to take the place of the LiDAR to
build the collision avoidance system. The RGB-D-based collision avoidan-
ce system has a good performance when compared with the state-of-art in
both simulation and real flight experiments.
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Chapter 4
Motion Planning and
Navigation in Large-scale and
Complex Environments

4.1. Introduction

Autonomous navigation using on board sensors is a key challenge for au-
tonomous drone missions performed in large environments. It is still an un-
solved problem because of the requirements of robust perception, planning
and control algorithms when robots operate in an unconstrained environ-
ment. During the last years, this problem has attracted a lot of researchers’
attention and several methods have been proposed. In the literature algo-
rithms have been proposed, the learning-based strategies for autonomous
navigation are described in [Sampedro et al., 2018,Carrio et al., 2017]. The
autonomous quadrotor aerial robots for solving indoor missions are built
by [Sampedro et al., 2017, Rigter et al., 2019], while the authors of [Oley-
nikova et al., 2020, Cui et al., 2014] give solutions for outdoor navigation.
A cooperative navigation approach using tiny flying robots is explained
in [McGuire et al., 2019].

In the previous works, several localization [Bavle et al., 2018, Sanchez-
Lopez et al., 2016], control [Lu et al., 2019b] and collision avoidance algo-
rithms [Carrio et al., 2018] have been proposed for safe navigation in the
unknown cluttered environments. In this chapter, a robust planner is de-
veloped and combined together with the other algorithms to perform the
task in cluttered environments. Compared with other works, the planner
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Figure 4.1: An example of the schematic diagram of the defined environ-
ment

only uses a limited field of sensing view and can be used in unconstrained
environments.

The planner developed for the autonomous navigation system can be
thought of as a local planner. Firstly, finite path candidates is generated
with Rapid-exploring Random Tree (RRT) in a three-dimensional (3D)
bounding box. Then, the optimal path from the path candidates is selected
using a modified Covariant Hamiltonian Optimization for Motion Planning
(CHOMP) objective function. Finally, the trajectory is generated with the
optimal path and the trajectory is tracked using an Model Predictive Con-
trol (MPC) controller.

The innovations in the work are listed below:

Firstly, a robust local planner which uses an RRT-based online path can-
didates generation algorithm and a modified objective function of CHOMP
to select an optimal candidate. Then, the local planner is combined with
the localization, perception, trajectory optimization and control algorithm
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figure caption is below the figure

Figure 4.2: The proposed approach for perception relies on obtaining a
pointcloud using a depth/RGB-D sensor. This pointcloud is then converted
into a more efficient representation, an occupancy map.

to build a fully-autonomous navigation system.
The remainder of the chapter is organized as follows. Section 4.2 pre-

sents the problem formulation. In Section 4.3, the proposed methodology
is introduced. The experimental results and the discussion are described in
Section 4.4. And finally, Section 4.5 concludes the paper and summarizes
future research directions.

4.2. Problem formulation

This section describes in detail the robot architecture and the environ-
ment within the navigation problem. The model of the robot is given at
first and then the definition of the environment is explained.

4.2.1. Robot architecture

The robot used in the research is a multirotor UAV. The multirotor UAV
has 6 Degrees of Freedom (DoF), 3 translation DoF and 3 rotation DoF.
The on-board sensors of the aerial robot are a front-looking depth (Intel
RealSense d435i) and an inertial measurement unit (IMU) sensor.

4.2.2. Environment definition

The simulation environments used in this chapter are environments with
multiple obstacles. The mission has a starting point Ps and goal point Pg.
The positions of the obstacles are totally unknown when the robot starts to
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move and the robot can only perceive a fraction of the environment around
it. The navigation mission is moving from the starting point to a spherical
region centered on the goal point without colliding with the obstacles.

An example of the environment used in the chapter is shown in Fig. 4.1.

4.3. Methodology

The motion planning approach presented in this chapter generates colli-
sion avoidance trajectories in realtime by using a RRT-based online candi-
date path generation and an RHC-CHOMP-based trajectory optimization.

Here I will explain in detail the robotic system built for the autonomous
navigation task. There are three main parts in the navigation system, which
are localization system, perception system and planning system.

For the localization system, it is built based on the previous work [Bavle
et al., 2018,Sanchez-Lopez et al., 2016].

For the perception system, a depth/RGB-D sensor get point cloud and
voxblox ROS package [Oleynikova et al., 2017] are used to build the occu-
pancy map. With the occupancy map, the 3D Euclidean Signed Distance
Fields (ESDFs) which provide the nearest distance to the occupied voxel
and the gradient of each voxel for planning can be constructed. A scheme
describing that shows the perception system can be found in Fig. 4.2.

For the planning system, a local planner is proposed to plan the trajec-
tory in the field of view (FOV) and guide the robot moving from the star-
ting point to the goal point. The remainder of this chapter will describe the
planning system in detail. Firstly, the path candidates are generated using
an online path candidates generation algorithm. Then, the optimal path is
selected from the candidates. Finally, the trajectory is obtained from the
optimal path and a trajectory controller is used to move the robot.

4.3.1. Candidate Path Generation Using RRT

The RRT is used to generate the path candidates in a 3D bounding box.
RRT is a sample-based planning algorithm using the random sampling

in the search area and building connections between the random samples
and the nearest state in the tree.

It can be seen in from the algorithm 1, new nodes are kept adding in the
tree until the number of the nodes reaches the preset maximum number.
The maximum number of the nodes is set because the path candidates is
required to generate within a limited time. PR is the current position of the
robot and Pathc are the path candidates generated by the algorithm.
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Figure 4.2: The office and three dense forest environments used for si-
mulation experiments. The large figure corresponds to a top-view of the
environment. The smaller top figures show the mesh maps and the bottom
ones the occupancy maps.
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(a)

(b)
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(c)

(d)

Figure 4.3: Trajectory length obtained by the proposed method
(RRT CHOMP opt) and the baseline method (RRT ∗ goal biased) in the
dense forest and office simulations. The values of covered distance are com-
puted for the cases that reach the goal.
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Algorithm 6 Online Path Candidates Generation

Input: PR
Output: Pathc

1: P0 ← PR
2: T ← P0

3: NT ← 0
4: while NT < Nmax do
5: Prand ← SampleFree(VS)
6: Pnearest ← Nearest(T,Prand)
7: Pnew ← Steer(Pnearest, Prand)
8: if CollisionFree(Pnearest, Pnew) then
9: Connect Pnearest and Pnew

10: Put Pnew in T
11: end if
12: NT ← NT + 1
13: end while
14: for all Pi such that Pi ∈ T do
15: while Pi 6= PR do
16: Pathi ← (PR, ... , Pi−1, Pi)
17: end while
18: Put Pathi in Pathc
19: end for
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4.3.2. Optimal Path Selection Using A Modified CHO
Objective Function

After getting the path candidates, a modified CHO objective function is
used to select the optimal path.

The objective function measures four different aspects of the trajectory
planning problem. First, in order to get a smooth path, a penalty based
on dynamical criteria is added to the trajectory. Next, the trajectory is
penalized based on the distance from the trajectory waypoint to the objects
to make the trajectory collision-free. Then, the end of the trajectory is
penalized based on the distance from it to the final goal, which can help the
trajectory planner plan a trajectory close to the final goal ξg. Finally, the
trajectory is penalized by the distance from its waypoint to the ground to
make the trajectory inside the predefined minimum and maximum altitude.
We describe these four items by fs, fo, fg, fa respectively, and define the
objective function by summing their weights:

f(ξ) = w1fs(ξ) + w2fo(ξ) + w3fg(ξ(1)) + w4fa(ξ) (4.1)

As described above, the trajectory is ξ and ξ(s) is the function mapping
the trajectory length s to the robot configurations, the initial and end con-
figurations of the trajectory ξ is ξ(0) and ξ(1), respectively. The waypoints
in the trajectory ξ are the 3-dimensional points {x, y, z}. w1, w2, w3 and w4

are the weights for each objective function.

The objective functions of fs, fo, fg are the same from [Fang et al., 2017]

fo(ξ) =

∫ 1

0

co(ξ(s))‖
d

dt
ξ(s)‖ds (4.2)

fs(ξ) =
1

2

∫ 1

0

‖ d

dt
ξ(s)‖2ds (4.3)

fg(ξ(1)) = ‖ξ(1)− ξg‖ (4.4)

co(ξ(s)) is the obstacle cost function:

co(ξ(s)) =


−Dist(ξ(s)) + 1

2
ε, Dist(ξ(s)) ≤ 0

1
2ε

(Dist(ξ(s))− ε)2, 0 < Dist(ξ(s)) ≤ ε

0, otherwise

(4.5)
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Dist(ξ(s)) is the distance from the waypoints in the trajectory to the
nearest obstacle. We can get the Dist(ξ(s)) from the 3D Euclidean Signed
Distance Fields (ESDFs) built by the perception system.

The altitude objective function fa(ξ) is learned from [Zucker et al., 2013]

fa(ξ) =

∫ 1

0

ca(ξ(s))‖
d

dt
ξ(s)‖ds (4.6)

ca(ξ(s)) in the objective function is the altitude cost:

ca(ξ(s)) =


(amin − Alt(ξ(s))2, Alt(ξ(s)) ≤ amin

(Alt(ξ(s)− amax)2, Alt(ξ(s)) ≥ amax

0, otherwise

(4.7)

Alt(ξ(s)) is the altitude of the waypoints of the trajectory ξ , amin, and
amax are the predefined minimum and maximum altitude value respectively.

The cost of every path candidate is calculated by using the proposed
objective function and select the path candidate with the minimum cost as
the optimal path.

4.3.3. Trajectory generation and controller

After getting the optimal candidate, it is used as an initial path for the
CHOMP planner to generate the final path.

After getting the path, a polynomial micro aerial vehicle trajectory ge-
neration approach [Richter et al., 2016] is used to generate the trajectory
with the final path, and then an MPC [Kamel et al., 2017] is used to track
the trajectory.

4.4. Experimental results and discussions

4.4.1. Experimental setup

In this subsection, we introduce the experimental setup for the simula-
tion experiments.

The simulation experiments are run using the Robot Operating System
(ROS) [Quigley et al., 2009] on top of Ubuntu 18.04. The Gazebo simulator
is used to provide the environment model and the RotorS simulation is used
to provide the physical model parameters of robot. All the experiments run
on a laptop with Intel Core i7-8750H at 2.2GHz. The simulation of the
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Figure 4.4: The success rate of the proposed method (RRT CHOMP opt)
and baseline (RRT ∗ goal biased) in the in the office and dense forest simu-
lations.

proposed navigation system is integrated into our open source framework
Aerostack1. The robot in the simulation is the AscTec hummingbird, which
is equipped with a depth sensor with a FOV of 135◦ and an odometry sensor.
The size of the voxels used in the simulation is 0.2 m. The depth sensor is
used for sampling the environment.

4.4.2. Simulation experiments

In order to evaluate the proposed planning system, it is tested in four
different environments. These environments are an office environment and
three dense forest environments with different obstacle densities. The three
dense forest environments have an obstacle density of 0.02, 0.05 and 0.1

1www.aerostack.org
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Table 4.1: The experiment results of the proposed method in the Gazebo
environments which are shown in Fig.4.2. The DF means the dense forest.
The SR, TL, TG, AV and AMV mean the success rate, length of the
trajectory, time to reach the goal, average velocity and average maximum
velocity.

Scenario SR(%) TL(m) TG(s)

Office 90 19.2±3.3 29.4 ±5.5

DF(0.02 obs/m2) 96 76.2±15.2 106.1 ±19.5

DF(0.05 obs/m2) 94 78.0±13.3 108.4 ±17.0

DF(0.1 obs/m2) 90 76.7±10.1 93.5 ±12.3

Scenario AV(m/s) AMV(m/s)

Office 0.65±0.01 1.01±0.07

DF(0.02 obs/m2) 0.72±0.01 1.29±0.09

DF(0.05 obs/m2) 0.72±0.01 1.28±0.09

DF(0.1 obs/m2) 0.82±0.02 1.49±0.16

obstacles/m2 respectively. The sensing range used in the office environment
and the dense forest environments are 5 m and 10 m respectively. The step
length and the maximum number of the nodes of the RRT based online
candidate generator are 0.5 m and 40 respectively.

Fig. 4.2 shows the simulation environments used in the paper. The tra-
jectories of one successful run of each environment in the mesh and occu-
pancy map are also shown.

The proposed algorithm runs 50 times in each environment. For each
run, the starting point and goal point are randomly generated in a prior
defined range. The starting point in the office environment is generated
from (5, 21, 0,5)m to (5, 22, 0,5)m and the goal point is generated from
(21, 10, 0,5)m to (21, 18, 0,5)m. The starting point in the dense forest envi-
ronment is generated from (0, 15, 0,5)m to (0, 35, 0,5)m and the goal point
is generated from (50, 15, 0,5)m to (50, 35, 0,5)m. After finishing the runs in
one environment, the average velocity, the maximum velocity, the time to
reach the goal, the trajectory length of every running and the success rate
are calculated. The results of the simulation experiments can be found in
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Table.4.1. The DF means dense forest scenario. The SR, TL, TG, AV and
AMV mean: the success rate, length of the trajectory, the time to reach the
goal, average velocity and average maximum velocity, respectively.

The proposed algorithm is compared with a baseline method. The base-
line algorithm is built using RRT* to generate candidates and chooses the
candidate based on a goal-biased objective function [Choset, 2007]. For the
comparative experiment, the baseline algorithm runs 50 times in the office
and in three different dense forest environments. Then, the success rate and
the trajectory lengths are obtained for evaluation. The trajectory lengths
are computed for the cases in which the goal is reached.

A video showing one fail and success running in the office and DF
(0,1 obs/m2) has been made available in: https://vimeo.com/405905039.

4.4.3. Discussion

As can be seen from Tab.4.1, the proposed planner has good successful
rates in all the simulation environments. The success rates are 90 %, 96 %,
94 % and 90 % in the office, DF (0,02 obs/m2), DF (0,05 obs/m2) and DF
(0,1 obs/m2) environmtoents, respectively. The average velocities are bet-
ween 0.65 m/s and 0.82 m/s in all the simulation environments. In all the
environments, the aerial robot reaches more than 1 m/s.

As can be seen from Fig.4.4, the proposed method has much better
performance than the baseline method. The success rates of baseline method
can only reach 58 %, 48 %, 62 % and 72 % in the office, DF (0,1 obs/m2),
DF (0,05 obs/m2) and DF (0,02 obs/m2) environments, respectively. Fig.4.3
shows that the proposed strategy can plan a shorter trajectory to reach the
goal. The average distance values obtained by our planner are 19.2 m in
the office environment and between 76.2 m and 78.0 m in the dense forest
environments. The average distance values obtained by the baseline method
are 24.03 m in the office environment and between 102.62 m and 109.05 m
in the dense forest environments.

The main differences between the proposed method and the baseline
strategy are that it designs an objective function for best candidate selection
and updates the selected candidate using the CHOMP objective function
before sending it to the controller. The experiment results show that the
proposed approach helps planner find a shorter trajectory and improve the
success rate to reach the goal.
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4.5. Conclusions

In this chapter, a method for aerial robot autonomous navigation in
cluttered environments has been presented. Firstly, the depth sensors are
used to sense the environment around the robot. Secondly, the occupied
map is built using the point clouds captured with the sensors. Finally, a
local planner is developed to plan a feasible trajectory and send it to an
MPC controller. The local planner uses RRT to generate path candidates
and a modified CHOMP objective function to select the best candidate.
In order to improve the quality of the selected candidate, the CHOMP
objective function is used to update it before sending it to the controller.
The experiment results show that the proposed method has a better success
rate and covers a shorter distance to reach the goal.
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Chapter 5
Autonomous Exploration in
Large-scale and Complex
Environments

5.1. Introduction

During the last decade, the research focus on Micro Aerial Vehicles
(MAVs) for search and rescue tasks has considerably increased. Because
of the small size and high maneuvering, MAVs can perform the search and
rescue missions more efficiently specially in intrincate environments with
obstacles. Considering the payload of MAVs, only limited sensors can be
carried on-board. For this reason, choosing the type of sensors and building
an efficient system for MAVs is still challenging in order to perform such
autonomous missions.

In the application of the MAVs, a large number of works has been carried
out in the area of autonomous exploration. The MAVs-based autonomous
exploration needs miniaturized sensors which can provide rich information
to successfully fulfill the endeavor. Particularly, LIDARs or cameras are
the main sensors used by the research or industrial society which are able
to provide high dimensional information for the autonomous exploration
or inspection tasks. Compared with LIDARs, the cameras such as RGB
cameras, RGB-D cameras or event cameras have a huge advantage in the
price and size.

In this chapter, an RGB-D camera which can provide point clouds is
used as the main sensor to perform the perception tasks. Then, the in-
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formation from the RGB-D camera is used for the mapping and planning
module to find a feasible path that has more environment information. The
OctoMap for mapping and Information Gain (IG) is used to search the op-
timal goal position and orientation for exploration. With the optimal goal,
a safe corridor-based A* algorithm is used to plan safety and feasible path.
Finally, position control is applied to fly the path.

The remainder of the chapter is orgnized as follow. The robot architec-
ture and environment definition are described, as well as the problem is
formulated in Section 5.2. The proposed optimal frontiers generation and
motion planning algorithm are explained in Section 5.3. Section 5.4 introdu-
ces the algorithm complexity. The experimental results and discussion are
shown in Section 5.5 and Section 5.6 respectively, and finally, Section 5.7
concludes the paper and summarizes future research directions.

Figure 5.1: The schematic diagram for the exploration process. The robot
starts exploration by moving to the selected frontier and finish exploration
when there is no new frontier found.

5.2. Preliminary

In this section, firstly the architecture of the robot and the definition of
the environment are given and then the problem is formulated.
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5.2.1. Robot Architecture and Environment Defini-
tion

The robot used in this chapter is an aerial robot that has 6 degrees of
freedom. These 6 degrees of freedom are the translational movements in
the X, Y, and Z axes and the rotational movements which are roll, pitch,
and yaw. The onboard sensor of the robot is a visual-inertial sensor with
an RGB-D camera that can be used to perform localization and realize the
environment.

A 3D occupancy grid map generated by using OctoMap [Hornung et al.,
2013] is applied to describe the environment and the gathered data from the
RGB-D camera is used to provide the point clouds for updating the map.

The 3D occupancy map is orgnized by voxels and every voxel has one
state which is free, occupied or unknown. With OctoMap, every voxel has an
occupied possibility. The value of the occupied possibility is in the range of
0 to 1.For the voxel x, the entropy e(x) can be calculated using the occupied
possibility p(x) as in Eq. (5.1).

e(x) = −(p(x))log(p(x))− (1− p(x))log(1− p(x)) (5.1)

The entropy can be used to describe the uncertainty of the voxel. Lower
values of the entropy imply a lower value of the uncertainty. The sum of the
voxels entropy can be used to guide the autonomous exploration to reduce
the map uncertainty.

In this work, the voxels whose occupied possibility value are higher than
0.5 are thought as the obstacle voxels.

5.2.2. Problem Formulation

The goal of the autonomous exploration is to explore an unknown en-
vironment as fast as possible. To improve the efficiency of the exploration
algorithm, the width, length, and height of the environment are previously
defined.

The width, length and height of the environment are assumed w, l and
h, the volume of every voxel is Vvoxel.

the guide goal pose is Gi(xi, yi, zi, θi) and the start pose of the robot is
{P0(x0, y0, z0, θ0)| − w/2 < x0 < w/2,−l/2 < y0 < l/2, 0 < z0 < h}.

The robot starts to move from P0 to Gi. The exploration process ends
when the algorithm cannot find a new Gi. If the sum of Vvoxel is equal to
w× l×h, it is thought as a successful running of the exploration algorithm.
the exploration process can be seen from Fig. 5.1.
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5.3. Methodology

In this section, the proposed optimal frontier selection approach and
the motion planning and control strategy are explained in detail. Firstly
the optimal frontiers generation approach which generates the goal for the
motion planning module is described and then how we move the robot to
the goal using the motion planning and control module is explained.

In this chapter, an optimal frontier-based exploration (OFEX) algorithm
is proposed. There are three main innovations in the algorithm:

First of all, the efficent strategy for generation frontier points, filtering
frontier points using the k-means++ and finding the optimal frontier using
IG information. Secondly, combining a safe corridor-based A* planning al-
gorithm with a position controller to move to the optimal frontier. At last,
the algorithm is integrated with an aerial robot framework and tested in a
custom edge computing aerial platform.

5.3.1. Optimal Frontiers Generation

The points between known and unknown area in the occupancy map are
selected as frontier points. Then, the candidate points are generate around
these frontier points. The candidate points are generated using the formula
below.

Ri+1 = Ri + ∆R;

θi+1 = θi + ∆θ;

i ∈ 0, 1, ..., i, ..., n− 1, n;

Rmin ≤ Ri ≤ Rmax;

0 ≤ θi ≤ 2π;

(5.2)

(Xc, Yc, Zc, θc)

= (Xf +Ri × cos(θi), Yf +Ri × sin(θi), Zf , θi);

i ∈ 0, 1, ..., i, ..., n− 1, n;

(5.3)

In Eq. 5.2, θi is the yaw angle generated by the candidates generation
algorithm. Rmin and Rmax is the minmum and maximum distance from
the frontiers to the candidates. ∆R and ∆θ are predefined increments for
updating Ri and θi. In this article, ∆R and ∆θ are chosen as 0.5m and 12
◦. In Eq. 5.3, Xc, Yc, Zc and θc are the x, y, z coordinate and yaw angle of
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the candidates respectively. Xf , Yf and Zf are the x, y, z coordinate of the
frontiers.

The distance from the candidate point to the frontier points is set as Dcf

and the distance from which to the robot is set as Dcr. With the cacdidates
generated, firstly the candidates which are in the unknown area are removed
and then the candidates whose Dcf and Dcr are smaller than a predefined
value are removed.

With the generated candidates, the Kmeans++ algorithm is used for
candidates clustering. By using the Kmeans++ algorithm, the number of
the candidates can be reduced which can speed up the optimal frontier
selection process.

The information value of the candidates after clustering can be calcula-
ted by using the information gain cost function [Delmerico et al., 2018]. By
using the information value, the candidates can be sorted. The information
gain cost function can be seen from Eq. (5.4).

Gv =
∑
∀r∈Rv

∑
∀x∈X

e(x) (5.4)

In Eq. (5.4), Gv is the information gain of the candidate points on the
view v. Rv is the set of rays cast through the candidate points on the view v
in the robot’s field of view. X is the set of voxels each ray traverses through.
e(x) is the mapping uncertainty of the voxel. We thought the sum of e(x)
of the candidate points on the view v as the information gain value.

After the candidates are sorted, they are sent to the motion planning
and control module. the whole process of the optimal frontiers generation
is given by Fig. 5.2.

5.3.2. Motion Planning and Control

With the frontiers points from the optimal frontiers generation module,
the motion planning module firstly select the frontier point which has the
smallest value as the goal point.

Firstly, the A* path planning algorithm is used to plan a primitive path
from the current point to the goal point. Then, the safe corridors are ge-
nerated based on the path point. The safe corridor generation approach is
similar as in [Jing Chen et al., 2016]. The occupancy grid including the path
point is inflated from each of its six face. The inflation of each face finish
when it reaches the obstacle voxel or the size of the inflated voxel reaches
a predefined value. Finally, a path is replanned through the center of every
safe corridor.By using the strategy, the replanned path is farther away from
the obstacle than the previous path. The process is shown in Fig. 5.3.
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Figure 5.2: The flow chart for the optimal frontier generation process.

Figure 5.3: The schematic diagram for safe corridor generation process.

For the yaw planning, the yaw angle of the endpoint always looks towards
the direction that has the largest IG gain while the other path points always
look towards the next path point.

If the planner cannot find a feasible path to the goal or the planning time
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Figure 5.4: The flow chart for the motion planning and control process.

is higher than the predefined value, the current goal point are discarded and
choose another frontier point with smaller value as the goal point.

After getting a feasible path, the planner sends the path points one
by one to the motion controller. When there is a new obstacle detected
in the path, the controller will stop the robot and let the planner find
another feasible path. If there is no feasible path, the algorithm will generate
candidates and search the feasible path again. The whole exploration process
stops when the algorithm cannot find new frontiers. the whole process of
the motion planning and control module is given by Fig. 5.4.

Algorithm 7 Autonomous Exploration Path Generation

Input: Map, Pinit

Output: Path

1: {F0, F1, ..., Fm} ← ExtraFrontier(Pinit,Map)

2: n ← 0

3: for n < m do

4: yaw ← 0
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5: for yaw < 2 π do

6: R ← Rmin

7: for R < Rmax do

8: Fn(x) ← Fn(x)−R cos(yaw)

9: Fn(y) ← Fn(y)−R sin(yaw)

10: Fn(z) ← Fn(z)

11: Fn(yaw) ← yaw

12: if Fn ∈ unknown then

13: Fgroup(n) ← Fn

14: end if

15: R ← R + ∆R

16: end for

17: yaw ← yaw + ∆yaw

18: end for

19: n ← n+ 1

20: end for

21: {F0, F1, ..., Fk} ← KmeanCluster(Fgroup, k)

22: IGmax ← 0; n ← 0; opt ← 0

23: for n < k do

24: IGFn ← IG(Fn)

25: if IGFn > IGmax then

26: IGmax ← IGFn

27: opt ← n

28: end if

29: n ← n+ 1

30: end for

31: Path ← AstarSearch(Pinit, Fopt)

32: while Pi ∈ Path do

33: while Pi is not in collision do

34: Pnew ← Inflate(Pi(x), Pi(y), Pi(z))
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35: if Pi is in collision then

36: Replace Pi with Pnew

37: Break While

38: end if

39: end while

40: end while

5.4. Algorithm Complexity

The algorithm complexity is important when the computing resources of
the agent are limited. For every run of the algorithm, firstly the frontiers are
generated, then the information gain of the frontiers is computed and the
best frontier with the most information is selected, and finally A* algorithm
is used to search the feasible path.

Frontiers Generation: The complexity of the frontier generation algo-
rithm depends on the raw frontiers generation and Kmean++ clustser al-
gorithm. As can be seen from Algorithm 1, The complexity of raw fron-
tier algorithm and Kmean++ clustering algorithm are O(2π × (Rmax −
Rmin)/(∆yaw × ∆R)) and O(3 × i × k ×m) respectively. i, k, and m are
the iteration times of the Kmean++ algorithm, the number of frontiers
defined and the number of frontiers generated by raw frontiers generation
respectively.

Information Gain Computing: The complexity of the gain estimation of
each frontier point is the number of rays n in the FOV times the length
of rays l to the obstacle divided by the resolution of the map r, which is
O(n× l/r).

Path Search: When using A* algorithm searching the feasible path in a
3D occupancy map, we assume A* algorithm can search 6 directions when
expanding new node and the number of nodes in the path is a. The com-
plexity of the A* search is O(6× a). For the complecity of the safe corridor
generation algorithm, it can be calculated by the minimum distance Lj to
the obstacle in x, y, andz direction of every path node times the number of
nodes a divided by the resolution of the map r, which is O(a×

∑a
j=0 Lj/r).

Total Computational Complexity: The total computational complexity
per run of the algorithm is O(2π × (Rmax −Rmin)/(∆yaw×∆R) + 3× i×
k ×m+ n× l/r + a×

∑a
j=0 Lj/r).

The process of the whole exploration algorithm is shown in Algorithm
1. The autonomous exploration path generation algorithm can be divided
into three parts. These three parts are frontiers generation parts (from li-
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ne 1 to line 20), optimal frontiers selection part (from line 21 to line 30),
corridor-based A* path planning part (from line 31 to line 40). The de-
tailed descriptions about these three parts can be seen in the section of
Methodology.

(a) office environment (b) maze environment

(c) flat environment

Figure 5.5: The three simulation environments for testing the exploration
algorithm.

5.5. Experiments and Results

5.5.1. Experimental Setup

For the simulation experiments, the experiments using the Robot Ope-
rating System (ROS) [Quigley et al., 2009] are run on top of Ubuntu 18.04.
The Gazebo simulator is used to provide the environment model and the
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Figure 5.6: The aerial platform used in the real flight experiment.

RotorS simulation [Furrer et al., 2016] is used to provide the physical model
parameters of robot. All the experiments run on a laptop with Intel Core
i7-8750H at 2.2GHz. The robot in the simulation is the AscTec firefly, which
is equipped with a RGB-D camera with a horizontal field of view of 135◦

and vertical field of view of 60◦. The sensing range of the RGB-D camera is
set as 5 m. The camera has an angle of 6◦ looking down to the ground. In
the simulation experiments, the ground truth is used to perform the robot
localization and the robot starts in the origin with yaw angle of zero.

To evaluate our exploration algorithm, it is tested in three different envi-
ronments. These environments are a small-size environment, a medium-size
environment, and a big-size environment. They are named as the apartment
environment, the maze environment, and the office environment. These Th-
ree environments can be seen in Fig. 5.5. The size of the flat environment is
15m× 14m× 3m, the size of the maze environment is 20m× 20m× 2,5m.
The height of the office environment is 2,5m and the area of it is 800m2.
our algorithm is compared with two different algorithms. One algorithm
uses Bayesian optimization and the gaussian process to predict the mutual
information for frontier selection [Bai et al., 2016] and the other algorithm
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Table 5.1: Comparison of the proposed algorithm and baseline algorithm.
OFEX represents the proposed optimal frontier-based exploration algo-
rithm. NFEX and BOGPEX express the nearest frontier-based algorithm
and the bayesian optimization and the gaussian process based algorithm.

Environment Map Resolution(m) Exploration Algorithm Exploration Time (s) Path Length (m)

flat env

0,2

OFEX 255±9.12 75.56±14.76

NFEX 326±31.21 89.37±1.93

BOGPEX 411±23.33 92.43±6.46

0,3

OFEX 209±12.72 63.16±1.19

NFEX 227±43.84 67.15±8.27

BOGPEX 217±23.33 52.48±4.97

maze env

0,2

OFEX 808±72.12 192.26±40.36

NFEX 905±46.67 271.72±19.90

BOGPEX 1082±98.99 228.34±2.60

0,3

OFEX 650±59.3 180.27±35.27

NFEX 761±23.33 223.11±19.50

BOGPEX 1051±151.32 306.18±7.47

office env

0,2

OFEX 1495±75.57 355.58±30.29

NFEX 1609±141.02 366.50 ±6.41

BOGPEX - -

0,3

OFEX 1361±81.63 379.50±7.42

NFEX 1515±113.61 449.06±10.48

BOGPEX 1576±207.01 374.41±57.26

uses the Euclidean distance to choose the nearest frontier to explore. The
main differences between our algorithm and these two algorithms are the
kmeans++ for candidate clustering and using information gain for calcula-
ting the information value of the frontiers. The algorithms are also tested
in the same environment with resolutions.

The platform for the experiment is the shown in Fig.5.6. As can be seen
from the figure, the aerial platform is the Parrot Bebop 2, the onboard com-
pute is the Jetson TX2 4GB module with orbitty carrier and the RGB-D
sensor is the Intel Realsense D435i respectively. The depth camera D435i is
part of the Intel RealSense D400 series of cameras, a lineup that takes Intel’s
latest depth sensing hardware and software and packages them into easy to
integrate products. Adding an IMU allows the application to refine its depth
awareness in any situation where the camera moves. This opens the door for
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Figure 5.7: The system architecture used in the real flight experiment (ba-
sed on the Aerostack framework). The optitrack odometry is provided by
the optitrack motion capture system. The position and steering tracking
error of it is less than 0.03 mm and 0.05◦ respectively.

rudimentary SLAM and tracking applications allowing better point-cloud
alignment. The minimum depth distance of the depth camera is 0.0105 m
while the horizontal and vertical FOVs of are 86 and 57◦ respectively. The
whole system including the controller, mapping and exploration module is
runing on the Jetson TX2 with a Dual-core NVIDIA Denver 2 64-bit CPU
and NVIDIA Pascal Architecture GPU with 256 CUDA cores. The explora-
tion algorithm is intergrated with the Aerostack frame work [Sanchez-Lopez
et al., 2016] in the real flight. The system architecture used in this work is
shown in Fig.5.7.

As can be seen in Fig.5.7, there are five main parts in the system architec-
ture that are human operator, execution module, communication module,
sensor system, and actuator system. For the part of the human operator,
three basic commands are used. These three basic commands are take off,
position control and land. The basic commands can be sent to the onboard
computer via Wifi. The other four parts including the autonomous explo-
ration algorithm run from the onboard computer and the outputs are the
roll, pitch, yaw, and thrust commands. The control commands are sent to
Parrot Bebop 2 via a USB cable that connect the onboard computer and
drone.
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(a) office environment (res =
0.2).The path lengths of the OFEX,
NFEX and BOGPEX algoritm are
310.82 m, 371.50m, 296.32 m res-
pectively.

(b) office environment (res =
0.3).The path lengths of the OFEX,
NFEX and BOGPEX algoritm are
381.19 m, 460.78m, 333.92 m res-
pectively.

(c) maze environment (res =
0.2).The path lengths of the OFEX,
NFEX and BOGPEX algoritm are
163.72 m, 257.65m, 230.18 m res-
pectively.

(d) maze environment (res =
0.3).The path lengths of the OFEX,
NFEX and BOGPEX algoritm are
154.44 m, 219.33m, 311.46 m res-
pectively.

5.5.2. Simulation Experiments

The simulation results of the exploration path in the office, maze, and
flat environments are shown in Fig. 5.8. The start point of the exploration
algorithms in the three environments with different mapping resolutions are
all (0, 0, 1)m.

The maximum exploration time of the office, maze, and flat environ-
ments are limited as 1500s, 1200s, and 500s. In this article, BOGPEX and
NFEX are used to express the Bayesian optimization and the gaussian pro-
cess based algorithm and the nearest frontier based exploration algorithm.
OFEX is used to represent the proposed optimal frontier based exploration
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(e) flat environment (res = 0.2).The
path lengths of the OFEX, NFEX
and BOGPEX algoritm are 65.12
m, 90.73m, 87.87 m respectively.

(f) flat environment (res = 0.3).The
path lengths of the OFEX, NFEX
and BOGPEX algoritm are 62.32
m, 51.13m, 48.96 m respectively.

Figure 5.8: The simulation results of the exploration path of one run. The
red line , green line, and blue line are the proposed OFEX algorithm, the
BOGPEX algorithm using Bayesian optimization and gaussian process and
the NFEX algorithm using the nearest frontier respectively.

algorithm. Each algorithm is run 5 times in the flat, maze and office envi-
ronment with different resolutions. Tab. 5.1 shows the exploration time of
these three algorithm under different map resolutions. The results of BOG-
PEX based algorithm in the office environment with the map resolution of
0.2 m are not included because the exploration time is far more than the
limited time.

Figure 5.9: [LEFT] A photograph of the MAV and the scenario. [Right]
Map of the scenario the experiment was conducted in. Voxels are coloured
based on their height and the objects have been cropped for visualization.
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Figure 5.10: The results of the real flight experiments. The red line is the
trajectory of the aerial robot.

5.5.3. Real Flight Experiments

In order to validate the proposed algorithm, a real flight experiment
is given that runs the algorithm on-board an MAV. The experiment was
conducted in a 4 m × 2 m × 2 m scenario equipped with a Optitrack motion
capture system providing the MAV pose. Fig. 5.9 shows the scenario for the
MAV to navigate and the mapping for visulization. As can be seen from the
figure, the cylider is put as an obstacle and the MAV will navigate around
it. The cylinder obstacle is put at the position of (1,3,−0,1)/m. The height
and radius of the cylinder are 1.26 m and 0.1m respectively. The boxes
and board show the boundary of the scenario. The exploration time and
the length of the exploration path is 44.9 s and 9.0398 m. P1 and P2 is
the selected optimal frontier points. As it can be seen from Fig.5.10, the
robot first flied to P1 and then to P2. When the robot arrived P2, the final
optimal frontier point P3 is selected. The exploration process was finished
when robot arrive P3.

A video description about the experiments is shown in:
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Complex Environments

(a) The change of the voxel coverage in the office
environment.

(b) The change of the exploration path length in
the office environment.

https://vimeo.com/455285058/f969e81451

5.6. Discussion

As can be seen from Fig.5.8, if the exploration time is not limited, all the
exploration algorithms can explore the whole environment when the map
resolution is 0.2 m and 0.3 m.

The performance improvement of the proposed algorithm can be more
clear when the exploration time is limited. As shown in Fig.5.11a, Fig.5.11c

111



5.6. Discussion

(c) The change of the voxel coverage in the maze
environment.

(d) The change of the exploration path length in
the maze environment.

and Fig.5.11e, when the resolution of the map is 0.2 m (the solid line in the
figure), the proposed algorithm (red line) can finish the exploration tasks in
the limited time in all the scenarios. For BOGPEX and NFEX algorithm, it
can finish the exploration tasks but takes a longer time than the proposed
OFEX algorithm. In Fig.5.11a, the BOGPEX cannot finish the exploration
in the limited time when the map resolution is 0.2 m (the coverage of the
whole scenario is 2000 m3, while it only reaches around 1250 m3). It is
because the Bayesian optimization and Gaussian processs take long time
to analysis the map and this becomes more clear when performing in a big
environment like the office scenario. As can be seen from Tab.5.1, when the
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(e) The change of the voxel coverage in the flat
environment.

(f) The change of the exploration path length in
the flat environment.

Figure 5.11: One run of the changing of the voxel coverage and exploration
path in the office, maze, and flat environment. the red line, green line, and
blue line are the results of the results of the proposed OFEX algorithm, the
BOGPEX algorithm using Bayesian optimization and gaussian process and
the NFEX algorithm using the nearest frontier respectively. The solid line
and the dashed line mean the resolution of mapping is 0.2 m and 0.3 m.

map resolution is 0.2 m, the proposed algorithm takes 255s, 808s, and 1495s
in average to finish exploration while BOGPEX and NFEX algorithm take
much longer time. When the map resolution is increased to 0.3 m, it can

113



5.7. Conclusions

find in Fig.5.11a, Fig.5.11c, Fig.5.11e, and Tab.5.1 that the performance of
NFEX based algorithm is close to the proposed OFEX algorithm but the
proposed algorithm still can finish the task faster.

Fig.5.11b, Fig.5.11d and Fig.5.11f show the length of the exploration
path changing during the exploration process. It can be seen in Fig.5.11d,
Fig.5.11f and Tab.5.1 that the proposed OFEX algorithm has a shorter ex-
ploration path than NFEX algorithm in all the three scenarios and has a
shorter path than BOGPEX algorithm in the maze scenario with both reso-
lutions and flat scenario with the resolution of 0.2 m. The results show that
both optimal frontier selecting functions of the proposed and BOGPEX al-
gorithm can help the exploration algorithm follow a shorter path to fulfilling
the exploration task. In the office environment with resolution of 0.2 m, the
proposed OFEX algorithm has a longer exploration path length because the
BOGPEX method only explores around half of the whole environment in
the limited time.

Fig. 5.11 shows one run for each method with different resolutions. Re-
peated experiments confirm that these curves are representative.

5.7. Conclusions

In this chapter, an autonomous exploration strategy using the infor-
mation gain to select the optimal frontier is presented. Firstly, an RGB-D
camera to sense the environment and OctoMap is used to express the obsta-
cle, free, and unknown space in the environment. Secondly, the Kmean++
algorithm is used to filter the frontiers and an information gain cost fun-
ction is applied to select the optimal frontier to explore. Finally, A* path
planner is applied to find the path and a safe corridor generation algorithm
is used to move the path point far away from the obstacle before sending
the path to the controller. The proposed OFEX algorithm has been compa-
red with BOGPEX and NFEX algorithms in three different environments
with different map resolutions, in which the experimental results show that
the proposed algorithm can save more exploration time than the other two
algorithms and it also has shorter exploration path.
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Chapter 6
Conclusions and Future Works

6.1. Conclusions

In this dissertation, three basic planning problems are tackled for the au-
tonomy of missions with UAV, providing innovative solutions with contras-
ted results. These three basic problems are collision avoidance in dynamic
environments, motion planning in large-scale and complex environments,
and autonomous exploration in large-scale and complex environments.

For the problem of collision avoidance in dynamic environments, three
methods are proposed, using different onboard sensors (monocular camera,
LiDAR system, and RGB-D camera).

Monocular camera-based collision avoidance: In order to achie-
ve collision avoidance in an environment with dynamic obstacles, a
monocular camera-based method is given. In this strategy, the YO-
LOv3 object detection model is used to detect the obstacles and an
Iterative Perspective-n-Point (PnP) algorithm is applied to estimate
the center of the obstacle based on the result from the detector. Then,
by using the obstacles’ positions, a Receding Horizon Control (RHC)
based planner is used to plan a trajectory using Covariant Hamiltonian
Optimization (CHO) function. Finally, a trajectory controller based
on Model Predictive Control (MPC) is used to fly the planned tra-
jectory. The proposed collision avoidance strategy is evaluated with
Rotors Gazebo simulator in a dynamic environment. Experimental
results show that the proposed collision avoidance strategy is a valid
approach for Unmanned Aerial Vehicle (UAV) navigation in dynamic
environments.
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LiDAR system-based collision avoidance: In order to solve the
dynamic collision avoidance problem, a new collision avoidance algo-
rithm using LiDAR system is presented. This strategy combines an
RRT* path planner with a Signed Distance Field (SDF) based collision
checking algorithm, in which the trajectory is optimized by a short cut
and Optimal Polynomial Trajectory algorithms. The proposed algo-
rithm is integrated to work in combination with a Model Predictive
Control (MPC) based trajectory controller in order to provide a com-
plete system for reactive navigation purposes. A thorough evaluation
of the proposed algorithm has been conducted in several simulating
scenarios using RotorS Gazebo simulator, showing fast collision chec-
king capabilities in the presence of static and dynamic obstacles. The
results show that the proposed algorithm outperforms in 76.93 % con-
sidering the processing time when tested in a 1000 × 1000 pixels map.
The results also demonstrate that the proposed navigation algorithm
allows the safe navigation of a multirotor Unmanned Aerial Vehicle
(UAV).

RGB-D camera-based collision avoidance: This chapter pre-
sents a novel depth-based collision avoidance method for aerial robots,
enabling high-speed flights in dynamic environments. First of all, a
depth-based Euclidean Distance Field (EDF) mapping algorithm is ge-
nerated. Then, the proposed EDF mapping strategy is integrated with
a rapid-exploration random tree to construct a collision-avoidance sys-
tem. The experimental results show that the proposed collision avoi-
dance algorithm has a robust performance at high flight speeds (82
% successful rate at a speed of 2.4 m/s in a challenging dynamic en-
vironment). Fully-autonomous flight experiments are also conducted
for validating the presented collision avoidance approach.

For the problem of motion planning in large-scale and complex envi-
ronments, a novel collision-free navigation system for the unmanned aerial
vehicle (UAV) is introduced. This system is based on point clouds that out-
performs compared baseline methods, enabling high-speed flights in clut-
tered environments, such as forests or many indoors industrial plants. The
algorithm takes the point cloud information from physical sensors (e.g. li-
dar, depth camera) and then converts it to an occupied map using Voxblox,
which is then used by a Rapid-exploring Random Tree (RRT) to genera-
te finite path candidates. A modified Covariant Hamiltonian Optimization
for Motion Planning (CHOMP objective function is used to select the best
candidate and update it. Finally, the best candidate trajectory is generated
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and sent to a Model Predictive Control (MPC) controller. The proposed
navigation strategy is evaluated in four different simulation environments,
the results show that the proposed method has a better success rate and a
shorter goal-reaching distance than the baseline method.

For the problem of autonomous exploration in large-scale and complex
environments, the proposed methodology results in a novel autonomous ex-
ploration algorithm for autonomous aerial missions when compared to the
State of the Art. This algorithm shows several improvements for being used
in the search and rescue tasks. First of all, an RGB-D sensor is used to
receive information from the environment and the OctoMap divides the
environment into obstacles, known and unknown spaces. Then, a cluster
algorithm algorithm is used to filter the frontiers extracted from the Octo-
Map, and an information gain based cost function is applied to choose the
optimal frontier. At last, the feasible path is given by A* path planner and a
safe corridor generation algorithm. The proposed algorithm has been tested
and compared with baseline algorithms in three different environments with
the map resolutions of 0,1m, 0,2m, and 0,3m. The experiment results show
that proposed algorithm has higher exploration efficiency and can save more
exploration time when compared with the state of art. The algorithm has
also been also validated in the real flight experiments.

The main contributions of this thesis are:

1) A new methodology for visual obstacle detection and avoidance [Lu
et al., 2019a], based on the estimation of relative position using a Perspective-
n-Point (PnP) algorithm and the collision avoidance action generated th-
rough a Receding Horizon Control-Covariant Hamiltonian Optimization
Motion Planner (RHC-CHOMP) and executed by a Model Predictive Con-
troller (MPC). Experimental results show that proposed algorithm can
achieve autonomous navigation in a fully dynamic environment outperfor-
ming the State of the Art.

2) A new laser-based collision avoidance approach described in section
3.2 [Lu et al., 2019b] that presents two main advantages. (1) the information
extracted by the LiDAR sensor is used to generate the Euclidean Distance
Field (EDF) instead of point clouds that takes much less computing time.
(2) the EDF can provide the distance from the robot to the nearest obstacle
that can help the robot generate better collision avoidance maneuver.

3) A new fast algorithm for generating the Euclidian Distance Field
(EDF) that calculates the distance to the nearest obstacle to help the robot
to rapidly generate the collision avoidance maneuvers. This algorithm has
proven its efficiency for rapid reactions in both simulation and real fight
experiments.
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4) A new trajectory planner for fully dynamic environments [Lu et al.,
2020b] that presents a higher success rate in the large environment and
can be simply extended to complex environments. The proposed algorithm
uses a fast depth-based local planner that can respond quickly to unknown
obstacles.

5) A new frontier-based exploration algorithm [Lu et al., 2020a] that uses
global information gain in order to avoide reaching a sub-optimal path.

6.2. Future Works

The future works lie on these points below:

Learning-based end-to-end strategy for autonomous naviga-
tion and exploration in large-scale, dynamic, and clutter en-
vironments

In order to further reduce the weight of the onboard sensors and the
required computing resources, the neural network such as DL, RL,
and DRL can be thought of as a good replacement to take the place
of the complex sensing, mapping, planning, and control algorithms.
With enough training data, the neural network can generate control
commands directly from the raw RGB image. The RL/DRL based
approach can help the robot learn collision avoidance navigation and
exploration by using the suitable training policy.

There are still some parts of the learning-based strategy that can be
improved.

1) As the real-world environments are affected by many factors such
as light changes and complex weather conditions, there are still many
efforts required to build a dataset that is good enough for drones to
perform autonomous missions.

2) As the training process needs a lot of energy and time, there is still
some work to be done to find a high-efficiency training policy that can
make the algorithm converge quickly.

3) For the RL/DRL-based algorithms, they need to learn from trial-
and-error. There are many training environments such as Gazebo 1,
Airsim 2, Openai-Gym 3 and so on. In order to train a robust RL/DRL

1http://gazebosim.org/
2https://github.com/microsoft/AirSim
3https://gym.openai.com/
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model for drones to fulfill autonomous missions, the simulation envi-
ronments still need to improve the realistic.

Sensing using the event-based camera

Considering the limited payload onboard MAV, vision sensors are the
first choice. Neither RGB cameras nor RGB-D cameras can respond
quickly to fast-moving objects. With the development of neuromorphic
engineering technology, event-based cameras are born. When compa-
red with traditional cameras, event-based cameras has the following
strengthes.

1) Unlike traditional cameras, event-based cameras are based on the
changes in light brightness for sampling and therefore have good dy-
namic response performance. It can collect the information of fast-
moving objects very well.

2) Through the technology of sensor fusion, event cameras and tradi-
tional cameras can be used in combination to make them have both
black and white brightness maps and event information. This featu-
re can give the area of visual tracking, visual odometry, and visual
control a new idea.

The event-based cameras also have some shortcomings.

1) Due to the high cost of hardware, it is difficult to be developed and
used on a large scale.

2) Currently, its applicability is narrow. With the development of tra-
ditional cameras, it has the possibility of being replaced.

All in all, the event-based camera is an emerging technology at this
moment. Around the event camera, a series of new sensing, planning,
and control algorithms can be developed for dynamic obstacle avoi-
dance.

Autonomous exploration considering the localization accu-
racy

Nowadays, most autonomous exploration algorithms are focus on im-
proving the exploration efficiency and reducing exploration path length.
However, the accuracy of the localization algorithm will decrease du-
ring the exploration process, especially in GPS-denied changing en-
vironments. Therefore, it would be an interesting research direction
that develop an autonomous exploration algorithm that can maintain
search efficiency and positioning accuracy at the same time. There

119



6.2. Future Works

are several methods that can be applied to increase the localization
performance during the autonomous exploration.

1) Optimal yaw selection: For the visual odometry that is widely used
for autonomous navigation in GPS-denied environments, the features
that the visual sensors can obtain are can greatly affect its performan-
ce. An objective function that considers both effective feature numbers
and unkown area can be built to select optimal yaw.

2) Optimal flight speeds selection: Generally speaking, fast flight speeds
can increase the error of onboard sensors such as visual sensors, IMU,
and so on. However, slow flight speeds can reduce exploration effi-
ciency. Therefore, an optimal velocity allocating algorithm can be de-
veloped to fly the drone fast in the feature-rich area as well as fly the
drone slowly in the feature-less area that can achieve the balance of
exploration efficiency and localization accuracy.

Motion planning using hard constraints

In chapter 3 of this dissertation, a local planner that uses an impro-
ved CHO objective function is given. The planner using the objective
function to optimize the trajectory can be thought of as a planning
algorithm using soft constraints. However, the soft constraint-based
planning algorithm has shortcomings such as the quality of the plan-
ned trajectory is unstable.

The hard constraint-based motion planning algorithm can be applied
to provide more robust performance. Based on the principle of convex
optimization, the hard constraint-based algorithm would add the cons-
traints of the position, velocity, and acceleration of the control point
to a polynomial equation and obtain the optimal value by solving it.
There are some recent work about hard-constraint-based planner such
as [Gao et al., 2018] and [Wang et al., 2020b].
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Side Works and Results

This appendix presents some other developed algorithms during the de-
velopment of this thesis.

A.1. Unmanned Aerial Robot Motion Plan-

ning for High-Speed Search and Inter-

cept Applications

In this section, a motion planning strategy for high-speed search and
intercept applications is given. Detailed information about the motion plan-
ning system is given first and then the simulation and field test results are
introduced.

A.1.1. Methodology

This subsection introduces the motion planning system that is in charge
of defining a trajectory along which the aerial vehicle will have to navigate.

A modified CHOMP planner [Ratliff et al., 2009] is used for planning a
collision-free path for approaching and following the target UAV and items.
The way points for the planner are given by the mission control system and
the initial point is taken as the current pose of the UAV, which is given by
the MSF odometry measurements.

First, the line segment between the initial and goal points is interpola-
ted into finite points, where every point can be thought of as a state. The
cost function of the CHOMP planner is composed of an obstacle objective
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Figure A.1: Schematic diagram for the motion planning system.

function fo(ξ), a smooth objective function fs(ξ), and the boundary objec-
tive functions fb(ξ) for X, Y, and Z. The final objective function can be
expressed as

f(ξ) = w1fs(ξ) + w2fo(ξ) + w3fb(ξ) (A.1)

with,

fb(ξ) = fxmax(ξ) +fxmin
(ξ) +fymax(ξ) +fymin

(ξ) +fzmax(ξ) +fzmin
(ξ) (A.2)

fs(ξ) =
1

2

∫ 1

0

‖ d

ds
ξ(s)‖2ds (A.3)

fo(ξ) =

∫ 1

0

co(ξ(s))‖
d

ds
ξ(s)‖ds (A.4)

where w1, w2 and w3 are the weights for each one of the objective functions,
ξ is the path and ξ(s) is a function mapping the path length s to the
UAV configurations. Given that the target UAV is considered as a cylinder
obstacle, in order to avoid planning paths above or below the target, the
obstacle cost function parameters are expressed as,
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co(ξ(s)) =


w0r(ξ(s))

3
(1− dist(ξ(s))

r(ξ(s))
)3, dist(ξ(s)) ≤ r(ξ(s))

0, dist(ξ(s)) > r(ξ(s))
(A.5)

r(ξ(s)) =
R

cos(arctan(distz(ξ(s),c)
dist(ξ(s)

))
. (A.6)

In (A.5) and (A.6), the distance from current position of the UAV to
center of the cylinder obstacle is denoted by dist(ξ(s)), R is the radius of
the obstacle, c is the position of the center of the obstacle, and distz(ξ(s), c)
is the altitude distance from the current position of the UAV to the center
of the obstacle.

With these functions, the cost functional gradients of every state is cal-
culated and a gradient descent approach is used to do path optimization.
Afterwards, a ROS trajectory generation package [Richter et al., 2016] is
used to generate the desired trajectory to the target UAV or item, given
the path of the CHOMP planner. In order to generate a the trajectory trac-
king strategy instead of path following, different velocities for certain stages
of the mission were defined. With the following function the segment times
were modified:

Tseg(ξk−1, ξk) =
Tseg(ξk−1, ξk)

fv
(A.7)

where Tseg(ξk−1, ξk) is the segment time between ξk−1 and ξk and fv is the
velocity factor which is given by mission control system. A schematic dia-
gram of the motion planning system can be seen in Fig. A.1.

A.1.2. Experimental Results

Simulation Experiments

An example from simulation tests can be seen in Fig. A.2. In this si-
mulation 5 points are used as inputsand the Planning system generates the
desires trajectories required to avoidthe obstacles present in the path while
reaching the goal point.

The simulation experiments are conducted using Gazebo RotorS simu-
lator [Furrer et al., 2016]. The motion controller used for these experiments
is a Model Predictive Control [Kamel et al., 2017]. In the simulation ex-
periments, the drone starts from (0, 0, 0), passes through (3, 0, 1), (7, 0, 1),
(3, 5, 1), and (3, 0, 1) in turn, and finally reaches (3,−5, 1). The obstacles in
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(a) (b)

(c) (d)

(e) (f)

Figure A.2: The simulation results of the motion planning system.
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the experiments are cylinder obstacles whose radius and height are 0,25m
and 2m respectively. The positions of the centers of the cylinder obstacles
are predefined that are (2, 0, 1), (6, 0, 1), (3, 3, 1) and (3,−3, 1).

Field Tests

Figure A.3: The aerial robot used in the field tests.

A modified version of the DJI Matrice 210 RTK v2 UAV that is shown
in Fig. A.3 is applied in the field tests. The aerial robot is equiped with h
RTK and GPS receiver , DJI Visual Position System (VPS), sonar altimeter
and a high resolution Zenmuse X4s on-board camera featuring a 20MP, 1”
sensor and 84 degree FOV high-resolution lens.

In order to be able to run advanced vision, planning, and control algo-
rithms at the same time, an NVIDIA JetsonAGX Xavier computer is used.
This super computer has an 8-core ARM v8.2, 64-bit CPU running Ubun-
tu Linux 18.04 Bionic Beaver for on-boardcomputing and a 512-Core Volta
GPU for image processing tasks.

In order to test the trajectory tracking performance of the proposed plan-
ner, a path-following flight experiment is conducted. In this experiments,
the drone would start from (−0,3, 2, 4,3), passes through (0, 0, 4), (5, 0, 4),
(5, 5, 4), (0, 5, 4), (0, 0, 6), (5, 0, 6), and (5, 5, 6) in turn, and finally reaches
(0, 5, 6). The localization of the drone is provide by a Multi Senors Fusion
(MSF) algorithm. The MSF algorithm is based on an Extended Kalman
Filter(EKF) and has the capability to integrate the data from an IMU, the
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(a) (b)

(c) (d)

(e) (f)

Figure A.4: The real flight of the motion planning system.

x, y, z poses and velocities from an RTK-GPS and an onboard Visual Iner-
tial Odometry(VIO) algorithm, and he altitude estimated by a sonar sensor.
An MPC controller [Kamel et al., 2017] is applied to perform the trajectory
command. The experimental results are shown in Fig. A.4 and Fig. A.5.

The experimental results show that the trajectory command in x and
y directions can be tracked well. Even if there is a certain error in the z
direction, Fig. A.5 shows the overall path tracking is good.

Fig. A.6 shows the whole process of a successful drone-ball interception.
As can be seen from Fig. A.6, the red, yellow, and dark yellow squares
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Figure A.5: The whole flight process of the real flight tests.

Figure A.6: The interception maneuver in the field tests.

represent the position of the drone that performs the mission, the ball needs
to be caught, and the target drone that performs an 8-shape trajectory.

127





Appendix B
Scientific Dissemination

This appendix presents a list of related scientific contributions provided
during the development of this thesis.

B.1. Publications Rrelated to This Thesis

The publications, i.e. international journals, and international conference
papers, derived from this dissertation have been listed as follows.

B.1.1. Journals

2021

Lu, L., Carrio, A., Sampedro, C., & Campoy, P. (2021). A Robust and
Fast Collision Avoidance Approach for Micro Aerial Vehicles using a
Depth Camera. Remote Sensing (under review).

2020

Lu, L., Redondo, C., & Campoy, P. (2020). Optimal Frontier-Based
Autonomous Exploration in Unconstructed Environment Using RGB-
D Sensor. Sensors, 20 (22), 6507.

Lu, L., Yunda, A., Carrio, A., & Campoy, P. (2020). Robust Autono-
mous Flight in Cluttered Environment using a Depth Sensor. Inter-
national Journal of Micro Air Vehicles. January 2020.
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Rodriguez-Ramos, A., Alvarez-Fernandez, A., Bavle, H., Rodriguez-
Vazquez, J., Lu, L., Fernandez-Cortizas, M., Fernandez, R. A. S.,
Rodelgo, A., Santos, C., Molina, M., Merino, L., Caballero, F., &
Campoy, P. (2020). Autonomous Aerial Robot for High-Speed Search
and Intercept Applications. Field Robotics.(under review.)

A. Martinez Novo, Lu, L., & Campoy, P. Fast 3D-Sliced RRT Planner
for 3D Exploration using MAVs. Unmanned Systems. (under review.)

B.1.2. Conferences

2019

Lu, L., Sampedro, C., Rodriguez-Vazquez, J., & Campoy, P. (2019,
June). Laser-based Collision Avoidance and Reactive Navigation using
RRT* and Signed Distance Field for Multirotor UAVs. In 2019 Inter-
national Conference on Unmanned Aircraft Systems (ICUAS), Atlan-
ta, GA, USA, (pp. 1209-1217). IEEE.

Lu, L., Rodriguez-Vazquez, J., Carrio, A.,& Campoy, P. (2019, Oc-
tober). Autonomous Navigation in Dynamic Environments using Mo-
nocular Vision. 2019 International Micro Air Vehicle Conference and
Flight Competition (IMAV), Madrid, Spain,(pp. 132-137).
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B.2. International Competitions and Natio-

nal Project

This section describes the international competitions and national pro-
ject that have contributed to this dissertation.

B.2.1. National Project

COMCISE: Coordinated Inspection and Security missions by UAVs
in cooperation with UGV.

Funded by the Spanish Ministry of Science, Innovation and Universi-
ties RTI2018-100847-B-C21, MCIU/AEI/FEDER, UE.

Date: January 2019 - February 2021.

Visual Autonomy for UAV in Dynamic Environments.

Funded by the Spanish Ministry of Economy and Competitivity DPI2014-
60139-R.

Date: 2015 - 2018.

B.2.2. International Competitions

2018 IROS Autonomous Drone Race (IROS ADR) Competition.

2019 International Micro Aerial Vehicles Competition (IMAV).

2020 Mohamed Bin Zayed International Robotics Competition (MB-
ZIRC).
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B.3. Video Demonstrations

Chapter 3: Collision Avoidance Planning in Dynamic Environments

Section 3.1 Collision Avoidance in Dynamic Environments using Mo-
nocular Vision: https://vimeo.com/347564788.

Section 3.2 Collision Avoidance in Dynamic Environments using Li-
DAR System: https://vimeo.com/318632365.

Section 3.3 Collidion Avoidance in Dynamic Environments using RGB-
D Camera: https://vimeo.com/474208476

Chapter 4: Motion Planning and Navigation in Large-scale and Com-
plex Environments

https://vimeo.com/405905039.

Chapter 5: Autonomous Exploration in Large-scale and Complex En-
vironments

https://vimeo.com/455285058/f969e81451.

appendix A: Unmanned Aerial Robot Motion Planning for High-Speed
Search and Intercept Applications

https://vimeo.com/399137661.
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