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Abstract

Unmanned aerial vehicles (UAVs), also known as drones, have gained consider-
able interest among academics in recent years, which significantly increases the
demand for autonomous navigation systems for UAVs. In this study, autonomous
navigation is addressed as a two-stage problem. The first stage is the obstacle
detection phase, during which the UAVs leverage their onboard sensors to perceive
the surroundings and detect obstacles. The second stage is the obstacle avoidance
phase, where the UAVs make decisions to continue operations without colliding

with anything while approaching the target.

This study proposes a self-supervised learning-based depth prediction framework
as the criterion for obstacle proximity detection. The framework consists of two
subnetworks: the depth and pose estimation modules. The former predicts depth
values, while the latter evaluates the object’s translation and rotation matrix. The
framework leverages the subnetworks’ outputs to reconstruct the projection rela-
tionships of pixels between adjacent frames to optimize the training process. To
address the challenge of UAVs operating in large-scale environments, a modified
loss function that combines photometric loss and edge-aware smoothness is pre-

sented to increase the depth prediction module’s accuracy.

This study also presents a deep reinforcement learning-based obstacle avoidance
system that takes depth maps as inputs to generate evasive maneuvers. The system
works independently from priori maps and models while it learns the collision-free
trajectory from interacting with the environment. This study deploys value-based
algorithms to learn the nonlinear mapping between the continuous inputs and
discrete output motion commands. Furthermore, the proposed system is validated
on different simulation scenarios. It is capable of completing the obstacle avoidance
task with relatively optimal trajectories in varied environments, demonstrating its

superior effectiveness and transferability.

Keywords: unmanned aerial vehicles, urban airspace, obstacle detection and

avoidance, self-supervised learning, deep reinforcement learning.
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Chapter 1

Introduction

1.1 Background

Unmanned Aerial Vehicles (UAVs), also known as drones, have attracted significant
interest from researchers over the past years. UAVs refer to aircraft that are oper-
ated remotely without a pilot onboard. Compared to traditional manned aircraft,
UAVs are more flexible, faster to execute, more repeatable, and more cost-effective
[1], leading to them becoming a strong competitor to traditional data measure-
ment platforms. Since UAVs can be flown in treacherous terrains and inaccessible
areas together with real-time data acquisition and fast processing, they have been
employed as platforms for military missions such as reconnaissance and precision

strikes for over 20 years.

Recently, due to their flexibility and versatility, UAVs’ applications in other sce-
narios have gained wider attention. More specifically, the employment of UAVs in
civilian applications is developing rapidly. Examples include but are not limited to
traffic surveillance [2], air pollution monitoring [3], parcel delivery [4], and fire de-
tection [5]. The introduction of UAVs has brought revolutionary changes to many
industries. For instance, UAVs equipped with sensors can be utilized to measure
the Air Quality Index (AQI), which takes 8 pollutants into consideration [6]. Com-
pared with traditional stationary sensors, UAVs are capable of detecting pollutant
concentrations at different altitudes, bringing repeatability and lightweight perfor-
mance to save space and costs for stationary sensors. Moreover, UAVs can also

be employed in healthcare supplies transportation to reduce emergency patients’

1



2 1.1. Background

deaths caused by traffic jams. A UAV can arrive at the scene of sudden illness
faster than artificial medical assistance in 32 percent of the cases [7], and releasing
the emergency medication from a low altitude can further speed up the medical

treatment.

The global UAV market tends to grow by leaps and bounds as researchers gain
a better understanding of their capabilities and deployment scenarios. By 2030,
there are expected to be 14.2 million UAVs in the global airspace, and the global
market is anticipated to be worth approximately 92 billion USD [8]. To cope with
the large volume of aircraft and the increasing complexity of the air traffic system,
innovative and multidimensional air traffic management systems are required for
each country’s safe and efficient operations of UAVs in the National Air Space
(NAS), especially in the very low-level (VLL) urban airspace. Some of the world’s
major powers have proposed incipient management systems to deal with the issues
triggered by the exponential growth of UAVs. In the US, the Federal Aviation
Administration (FAA) is the authority to set the regulations for aviation oper-
ations and UAV missions. The FAA cooperates with the National Aeronautics
and Space Administration (NASA) to develop Unmanned Aircraft System (UAS)
Traffic Management (UTM) [9] as the control system for UAV deployment in US
airspace. European Aviation Safety Agency (EASA) coordinates with the Civil
Aviation Administration of China (CAAC) to develop a civil UAS Operation Man-
agement System (UOMS) [10], which is also utilized for supervising UAV traffic

activities and services.

Despite commercial and non-commercial benefits brought out by the expansion of
UAV employment, it is predictable that the large-scale deployment of UAVs will
still pose an inevitable danger, especially in complex urban environments. For in-
stance, in October 2021, dozens of UAVs suddenly crashed into the ground during a
celebratory light show in Hangzhou, China [11]. Although there were no casualties,
the UAVs hit some vehicles, causing considerable financial damage. In April 2022,
an out-of-control UAV used for tourist photography crashed into the roof of a local
landmark building in Ttaly [12], resulting in damage and repercussions. In addition
to citizens outdoors, when encountering UAVs that lose control, even individuals
who stay indoors are not entirely safe from danger. In June 2022, a remotely con-
trolled aircraft suddenly became unresponsive and collided with a nearby hotel in

Sydney [13]. The impact shattered the window’s glass and scratched the tourist
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in the room, simultaneously creating non-negligible panic in the crowd. The inci-
dents are prone to happen repeatedly and on a large scale in the future without
well-designed traffic management systems, and the safety of citizens’ lives and
property will be seriously threatened. For instance, according to a recent medical
malpractice report [14], when a medium-sized unmanned helicopter with 325-mm
long blades crashes, the impact can easily puncture the injured person’s eyeballs,
immediately reducing his vision and causing permanent and irreversible damage.

Hence, how to ensure the safe operation of UAVs is a worthy area of research. As
low-altitude airspace continues to open up to UAVs, one of the most challenging
issues is how to avoid collision with an obstacle or another UAV, which can be
triggered by a myriad of factors such as equipment failure, path conflict, or ex-
treme weather conditions. Therefore, an essential capability for sustainable UAV
operations is obstacle detection and avoidance (ODA), which requires UAVs to op-
erate safely and efficiently in congested airspace while minimizing the probability

of collision with surrounding obstacles.

As an autonomous operation system can empower the UAV to perform reactive
evasive maneuvers encountering obstacles, which means that aircraft can make real-
time decisions based on the available airspace and traffic conditions, the shortcom-
ings of the traditional air traffic management system’s inadequate response to pop-
out hazards, such as falling aircraft and workers at height outdoors, can be bridged.
By dynamically adjusting their flight trajectories, autonomous aircraft can optimize
traffic flow and reduce the chances of collisions. Moreover, autonomous aircraft can
communicate and share important information with each other and with ground-
based systems. They can exchange data regarding their position, speed, flight
plans, and other relevant parameters. This communication enables coordinated
decision-making, ensuring smooth operations and effective traffic management in
shared airspace. Consequently, a robust and computationally practicable ODA
system is an integral part of every existing UAV traffic management framework.
Furthermore, given that the UAV market in Singapore is proliferating and Singa-
pore has not yet developed an intelligent ODA system for UAVs in VLL urban
airspace. Consequently, this research aims to address the absence of an intelligent
ODA system for UAVs in highly populated urban airspace. By leveraging cutting-
edge learning-based and computer vision techniques, the proposed system in this
research will endow UAVs with real-time ODA capabilities, ensuring the safety of

UAV operations and diminishing the likelihood of collisions simultaneously.
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1.2 Research Scope

ODA is a broad topic that can be analyzed from multiple perspectives. In this
research, it is treated as a two-stage problem: perception and action. Perception,
also called obstacle detection (OD), is the first stage of an ODA system. In this
phase, UAVs perceive the surrounding environment and detect obstacles through
the onboard sensors, providing preliminary information for the subsequent acting
stage. Sensors can be categorized into two major parts [15]: active and passive.
Active sensors can obtain information by utilizing their own source to release mea-
surement media such as light or sound waves. In comparison, passive sensors can
only receive information from the object to be measured, such as reflected sun-
light. Considering the cost and payload limitations of UAVs, a camera, one of the
passive sensors, is employed in this thesis to complete perception tasks. Subse-
quently, RGB images are leveraged to estimate the distance between UAVs and

the surrounding environment.

Action, also called obstacle avoidance (OA), is the second stage of an ODA sys-
tem. In this phase, UAVs continue approaching their intended destination while
avoiding obstacles. OA can also be categorized into two major parts [16]: global
path planning and reactive OA Global path planning refers to generating reference
paths to connect starting and ending spots after considering all the environment
configurations. In contrast, reactive OA stands for the timely avoidance maneu-
ver after detecting an obstacle. This thesis focuses on reactive OA because it can

respond promptly to sudden local changes in complex urban airspace.

Compared with fixed-wing UAVs, which cannot perform complicated maneuvers
like hovering, rotary UAVs are more suitable for congested VLL urban airspace.
Therefore, this thesis studies the issue of reactive ODA for rotary UAVs with a
camera onboard in VLL urban airspace. Moreover, since traditional algorithms
utilized for ODA are relatively computationally inefficient, accuracy-limited, and
sensitive to noises, artificial intelligence (AI) approaches that consist of both regres-
sion and decision-making problems are utilized to build ODA structures. Compared
with traditional approaches, these Al approaches usually require a large number
of training cycles to converge, resulting in an improvement in accuracy, general-

ization, and robustness. To summarize, the research scope of this thesis lies in
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the learning-bassed monocular vision autonomous navigation approach for UAVs

in congested airspace.

The overall research framework is depicted in Fig. 1.1, which highlights the key
components and techniques deployed in the ODA system for UAVs. The green
blocks represent the completed works, and the blocks with the asterisk sign are the
novel contributions proposed by the author. The system is a two-staged process
integrating the latest advancements in Al and computer vision. In the OD phase,
an self-supervised monocular vision-based depth estimation approach is proposed
to estimate the depth of objects in the environment. This depth information is
subsequently leveraged to perceive obstacles in the UAV’s flight trajectory. For
the OA phase, depth information is utilized to guide the UAV to perform evasive
maneuvers when encountering obstacles. The combination of monocular depth
estimation (MDE) and reactive OA provides an efficient and reliable solution for

UAVs’ ODA in populated environments.

1.3 Main Contributions

The main contributions of this thesis are threefold:

e Develop a self-supervised learning-based MDE algorithm suitable for estimat-
ing the distance between UAVs and their surroundings to detect obstacles.
The primary contributions are the construction of the depth and pose esti-
mation network, as well as the introduction of an innovative weighted loss
function. Introducing these elements enhances the model’s performance in
large-scale and textureless environments. The model is validated on a dataset
containing multiple outdoor scenes captured by UAVs and outperforms other
cutting-edge models. One conference paper was published relying on the

results.

e Complete the building of simulation scenes based on Gazebo / Ros, which
allows the author to validate the system’s effectiveness in multiple but con-
trolled environments before deploying it in real-world scenarios. The primary

contribution is building the software-in-the-loop simulation scene consisting
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of crowded obstacles. This scene can meet the verification needs of vari-
ous tasks, including navigating through narrow spaces and steering around

obstacles.

e Develop a system derived from deep reinforcement learning (DRL) algo-
rithms to generate real-time action commands for UAVs to avoid imminent
obstacles. The primary contribution is the design of an OA module with
depth images as inputs instead of RGB images. This framework integrates
depth information with goal position and maps them directly to the speed
control commands of the UAV. The real-timing and generalization of this
framework are verified in the simulation scene, and one conference paper was

published based on the obtained results.

The successful completion of this research can result in the development of an in-
telligent onboard tactical ODA system for UAVs operating in VLL urban airspace.
This system can provide real-time ODA capabilities, allowing for safe and seamless
navigation in complex environments. Furthermore, implementing this system can
also significantly affect the UAV industry in Singapore. The capacity to operate
in densely populated areas with numerous obstacles opens up the possibility for
UAVs to be applied in various scenarios, including parcel delivery, inspection, and

monitoring.

1.4 Organization of the Thesis

The thesis is organized as follows:

e Chapter 1 provides an overview of the research background, motivation, and

scope, together with the main contributions.

e Chapter 2 presents a thorough review of the prevailing literature on ODA,
which mainly lies in MDE and single-UAV OA solutions. For MDE, motion-
based and deep learning-based approaches are the review’s focus. The review
mainly covers traditional multistep and RL-based approaches for single-UAV
OA solutions.
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e Chapter 7?7 presents the background knowledge essential to the challenges
addressed in the later chapters. The foundational information for MDE in-
cludes the basics of imaging, depth estimation techniques, and principles of
multilayer perceptron and convolutional neural networks. Additionally, the
background knowledge for single-UAV OA is outlined, including the Markov

decision process, the principles of RL, and value-based algorithms.

e Chapter 3 presents a self-supervised MDE algorithm with a weighted photo-
metric loss function. The main contents of this chapter include the design of
networks for depth and pose estimation, the implementation of an automatic
mask, the development of the weighted loss function, and a comparative
analysis of the results with other MDE models.

e Chapter 4 proposes an RL-based OA system, which takes depth maps as in-
put to generate motion control commands. The main contents of this chapter
include the design of the policy network, the establishment of multiple sim-
ulation scenarios based on Gazebo/ROS, the training and validation of the
model, and a comparative analysis of flight trajectory and other crucial indi-

cators.

e Chapter 5 summarizes the content of the full text and provides an outlook

on future research directions.



1.4. Organization of the Thesis

Learning-based Monocular Vision Obstacle Detection and Avoidance for UAV Navigation

in Urban Airspace

I
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UAYV with depth information
as input
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A two-stage monocular vision-aided autonomous navigation system
for UAVs in congested airspace through learning techniques

I S

F1Gure 1.1: Overall research plan.



Chapter 2

Literature Review

The overview of the literature review is shown in Fig. 2.1, which includes two
sections. The first section is dedicated to the review of MDE techniques, including
both traditional and learning-based methods. The traditional methods, such as
Structure from Motion, are thoroughly examined. Meanwhile, the learning-based
methods are classified into supervised and self-supervised based on the supervision
signal used for the training process. The review of these approaches provides a

comprehensive understanding of the most advanced techniques in the MDE domain.

The second part of the literature review is centered on examining OA algorithms
for a single UAV. This section takes into consideration the challenges posed by
both static and dynamic obstacles during UAV navigation. The traditional and
reinforcement learning (RL)-based approaches are presented in this section as po-
tential solutions for OA in a single UAV scenario. Traditional approaches are
usually cascaded or dependent on a pre-existing map. Meanwhile, RL-based ap-
proaches are map-free and model-free. The review of these approaches offers a
thorough grasp of the current advanced techniques in the area of OA for a single
UAV.



Chapter 2. Literature Review

10

Learning-based
Monocular Vision
Obstacle Detection
and Avoidance for
UAYV Navigation in

Urban Airspace
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FIGURE 2.1: Overall literature review.
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2.1 Monocular Depth Estimation

Previous studies have tried to estimate depth information from stereo images [17-
20]. These images offer spatial data that can be utilized to calculate the depth of
each pixel. Despite being more accurate than monocular sequences, stereo depth
estimation demands more resources, including camera calibration, and the accuracy
of the estimation can be affected by the baseline distance between the two lenses

[21]. This makes it more resource-intensive compared to MDE.

MDE, on the other hand, is a technique for estimating depth information from a
single image, which is especially crucial for small-sized UAVs because of their weight
and size limitations. The objective of MDE is to predict the metric depth of each
pixel from a single input image. Commonly, there are two types of resolutions
to this issue: traditional motion-based techniques and learning-based techniques.
The subsequent sections of the literature review will focus on exploring the relevant

works from these two categories.

2.1.1 Motion-based Monocular Depth Estimation

Motion-based depth estimation techniques, such as Structure from Motion (SfM),
utilize a collection of images captured from varying viewpoints to recover the struc-

ture of a scene and estimate depth information [22].

The pipeline of SfM usually starts with feature extraction and matching, where
interest points in the images are detected and compared across different views.
The next step is geometric verification, where the extracted matches are filtered to
remove outliers that do not adhere to the geometric constraints of the scene. The
remaining matches are then deployed to track the 3D point cloud map, thereby the
depth map conversion can be completed relying on it [23]. This method of MDE
has been extensively researched in this subject and has its roots in conventional

computer vision techniques.

Li [24] developed an approach for depth estimation from monoscopic video by
combining SfM with the Depth From Cues technique. This approach switches
between two alternatives depending on the scene’s complexity, aiming to produce

more effective results. Despite its potential to produce promising depth maps
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in certain conditions, this approach is limited by camera motion constraints and

environmental degeneration.

Prakash [25] presented a sparse depth estimation approach based on SfM and a
multi-scale keypoint detector. A monocular video sequence is fed into the frame-
work to facilitate training, which performs feature matching between consecutive
frames and leverages two-view geometry to determine sparse depth values, resulting

in fast and robust performance.

In reference [26], a multi-sensor data fusion-aided SfM framework is presented to
generate depth maps with a higher degree of precision. It aligns the correspondence
between the sparse point cloud and lidar scan, realizing a transformation from 3D
sensor data to uncalibrated RGB images. As an auxiliary module, the introduction
of 3D sensor datasets is conducive to updating the parameters to be estimated and

improving the roughness of original SfM approaches.

In conclusion, one of the significant benefits of SfM is its ability to handle intricate
camera motions, such as rotations and translations, to produce depth maps with
high precision in stable surroundings. Additionally, SfM is efficient for real-time

applications as it has a fast processing speed.

However, SfM also has some disadvantages that make it less suitable for certain
types of applications. For example, SfM is limited in handling scenes with low
texture, which can result in incorrect depth estimates. Additionally, StM requires
the use of multiple images, which can be resource-intensive and may not be feasible

in some applications, such as when being applied to small-sized UAVs.

Another disadvantage of SfM is that it can be prone to errors in camera calibration,
which can impact the precision of the depth map. The estimation accuracy is
also affected by other environmental factors such as occlusions, reflections, and
shadows. SfM techniques typically yield sparse depth maps, which fall short of
the requirements for UAV operations that demand dense depth maps for executing

complex maneuvers.
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2.1.2 Learning-based Monocular Depth Estimation

The application of deep learning (DL) in MDE has seen remarkable advancements
in image processing in recent times. These advancements have enabled the cre-
ation of learning-based depth estimation models that are divided into two primary
groups according to the availability of ground truth data. These groups are super-
vised models, trained with annotated data, and self-supervised models, where the

training process utilizes unannotated data to learn depth estimation.

Learning-based MDE approaches have several advantages over traditional methods.
One of the main benefits is their ability to embrace vast volumes of data to grasp
intricate patterns and relationships in images, which can lead to more accurate
depth predictions. Additionally, learning-based approaches are adaptable and can
be readily customized for various image types, such as those captured in low-
light conditions [27] or distorted images [28]. They are also robust to changes in
camera parameters and can handle significant variations in the scale of items in
the scene. Furthermore, the end-to-end training process of learning-based methods
enables them to handle complex combinations of image features and to capture
non-linear relationships between pixels and depth. This allows them to perform

well in scenarios with fine-grained details, such as textures and patterns.
A. Supervised Monocular Depth Estimation

MDE dependent on supervised learning entails training a deep neural network
on a sizeable annotated dataset of images and their corresponding depth maps.
Thereafter, the trained network can be employed to generate the depth map of a
fresh, unseen image. The pipeline for supervised learning-based MDE is depicted
in Fig. 2.2 and comprises several steps. The initial step involves preprocessing the
image, which may include resizing, normalization, and augmentation. The second
step involves feeding the image into the neural network, which outputs a depth map.
The supervision signal utilized to optimize the training process is the discrepancy
between the estimated value and the annotated ground truth, as demonstrated by
Eq. 2.1. The supervised learning-based MDE approach is highly effective when a
large annotated dataset is available and has shown groundbreaking performance

on various baseline datasets.
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FIGURE 2.2: Pipeline for supervised MDE.

Eigen [29] was the first to utilize a supervised learning strategy for MDE, according
to the authors’ knowledge. The model’s architecture is shown in Figure 2.3. It em-
ploys two CNNs (the overall rough network and the local fine-grained network) to
handle the ambiguity and uncertainty from the overall scale. Additionally, the loss
function includes the difference generated by different scales to minimize the error
between the prediction and actual depth, leading to an impressive performance on
the KITTI [30], and NYU [31] datasets.

Eigen [32] also designed a single multi-scale convolutional network that can per-
form multiple tasks, such as depth prediction and semantic labeling, with minimal
modifications. This network lowers the gradient error between the forecasted and
reference values in the horizontal and vertical directions. It is capable of producing
outputs in real-time, achieving a frequency of approximately 30Hz, as evidenced

by the results.

Such an approach works well on images with short-range depth values and richly
textured backgrounds. Supervised-based solutions for aerial images, on the other
hand, are relatively troublesome owing to the absence of fixed structures (degrees

of freedom for the UAV are much more than self-driving vehicles).

To bridge the gap, Miclea and Nedevschi [33] bring out a CNN incorporating a novel
scene digging module and an innovative softmax transformation layer to achieve
greater convergence in aerial scenarios. This architecture introduces an optimum

feature encoder with a creative image interpolation submodule. It combines ordinal
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regression (that better accounts for areas with more minor texture variation) and
classification (that performs better on stand-alone objects) as loss functions to
train the model. The model is trained using images from the MidAir [34] dataset
and validated on synthetically generated and authentic aerial images. Although
the model shows promising performance in the validation scenarios, it is still not

general enough to other real-life aerial scenarios.
B. Self-Supervised Monocular Depth Estimation

Self-supervised models for MDE have emerged as a promising solution for overcom-
ing the limitations of supervised methods, particularly the dependence on large
amounts of annotated data. Unlike supervised models, self-supervised models do
not require ground truth depth information to be annotated. They use the informa-
tion available in the RGB images alone to train the model, making self-supervised
models more scalable and accessible, especially for applications where annotated
data is difficult to obtain. The self-supervised models’ training process leverages
the scene’s inherent geometric structure, such as the relative position of objects,
to complete depth estimation. This feature facilitates them to be trained on a va-
riety of datasets, enabling them to be more versatile and flexible than supervised

models.
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FIGURE 2.4: The overall loss module of Monodepth.

As far as the author is aware, Garg [35] introduced the first self-supervised frame-
work for the MDE problem. In this framework, stereo pairs with pre-determined
camera movement are employed to exploit the non-linear functional relationship
between the image and depth map. A color deviation between the original and

reconstructed images is employed to monitor updating the network weights.

Godard [36] presented a novel CNN network to enhance the accuracy of depth im-
ages. This work uses calibrated stereo pairs that include left and right color images
for training. Both disparities (left-to-right and right-to-left) can be inferred simul-
taneously from the left input image. Moreover, an error in disparity consistency of
a stereo pair is proposed as the loss function to enforce mutual consistency between
the left-view disparity and the projected right-view disparity map. The overall loss
module is shown in Fig. 2.4. Although this method is unsuitable for training on

single-view datasets directly, it still outperforms many other supervised methods.

Godard [37] tried to handle occlusions and reduce visual artifacts in self-supervised
methods robustly. Figure. 2.5 illustrates the complete architecture of this model.
In his method, a minimum reprojection loss and an automatic filter are proposed

to remove occluded pixels and items with the identical velocity as the sensor.
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Moreover, a multi-scale estimation method is presented to aid in the network’s
faster convergence. This method performs well on both monocular videos and

stereo pairs.
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FIGURE 2.5: The overall framework of Monodepth2.

Although a large proportion of approaches handle the MDE problem in ground-
related scenarios (for automotive and indoor), learning-based depth estimation
for aerial environments is still an unexplored field, with many new algorithms to
explore. Several researchers [38][39] are attempting to create datasets by using a
simulator to generate synthetic images, which are categorized into two parts (low al-
titude range and high altitude range). While such datasets can provide an outdoor
reference environment, there is an overall mismatch with the natural atmospheric
environment (from the aspects of illumination and environment appearance). Such
a research gap highlights the challenges of the aerial scenario, most originating

from the unconstructed ego-motion and complex backgrounding texture.

2.2 Obstacle Avoidance for Single Agent

The primary objective of OA is to guarantee the effectiveness and security of nav-
igation through an environment. The OA phase of UAV navigation is responsible
for integrating global or local information to generate an optimal, obstacle-free
route between the starting location and destination. The OA system comprises

two components: global path planning and reactive OA.

Global path planning is responsible for generating a path that is optimal, collision-

free, practical, and dynamically viable based on the existing global map. It takes
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into account the global environment, including the layout of the terrain, the pres-
ence of obstacles, and any other environmental factors that may impact the UAV’s
path.

Reactive OA, on the other hand, is responsible for guiding the UAV to perform real-
time evasive maneuvers in response to dynamic obstacles in the local environment.
It operates in real-time and is designed to respond to obstacles encountered by
the UAV during its flight, such as suddenly out-of-control UAVs, workers outside

windows of high-rise buildings, or other unforeseen obstacles.

A typical OA system is hierarchical and multi-layered in series [40], which is also
required to be customized for specific application scenarios. In this system, global
path planning is independent of reactivate obstacle avoidance, both of which need
separate designs for different scenarios. Therefore, traditional OA solutions do
not adapt well to unconstructed and dynamic environments. With the rapid de-
velopment of RL , RL-based techniques are leveraged to obtain a more robust
collision-free path without preliminary map data. Overall, this section provides
a literature review of OA solutions from the perspective of both traditional and

learning-based approaches.

2.2.1 Traditional Collision Avoidance Solutions

Before introducing the pipeline of the traditional OA solutions, it is compulsory to
generate a map that represents the global environmental configurations. The accu-
racy and level of detail of a priori map directly affects the performance of subsequent
trajectory planning. Examples of commonly used structured maps include but are
not limited to metric map (such as occupancy grid map [41], point cloud map [42]),
topological map [43], and semantic map [44]. The typical hierarchical pipeline of
the traditional OA solutions can be divided into submodules: discrete trajectory
searching, trajectory optimization, trajectory tracking, and reactive planner [45].
These four submodules cooperate to perform global path planning tasks and simul-
taneously reactivate obstacle avoidance. The literature on traditional approaches

to implementing these submodules is reviewed in this section.
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A. Discrete Trajectory Searching

Discrete trajectory searching (DTS) is a method for generating an executable route
made up of multiple sparse waypoints from the start to the end points. DTS works
on the basis of configuration space and leverages the same trajectory planning
algorithm to handle the planning issue for geometrically and kinematically diverse
autonomous robots. Several different types of algorithms can be utilized to solve
the traditional DTS problem, such as the graph-based algorithm and the sampling-
based algorithm.

i. Graph-based Algorithms

Graph-based approaches define the possible locations of UAVs and obstacles as a
configuration space and overlay a grid on that space. After recognizing each config-
uration as a grid point, the algorithm aims to generate a tree-like and obstacle-free

path connecting the initial and goal points.

Dijkstra [46] was the first to propose a graph-based path planning algorithm. Di-
jkstra’s algorithm exhaustively calculates the minimum distance from each node
to the target node. This complete and greedy algorithm indeed yields optimal

solutions, but is often computationally complex and lacks directionality.

To speed up the calculation, [47] introduces a heuristic module to measure the dis-
tance (usually the Euclidean distance or Manhattan distance) between the current
search location and the target point, which is also defined as the A* algorithm.
The introduction of the heuristic module makes the methods more directional and
also computationally speedy. The flowchart of the A* algorithm is presented in
Fig. 2.6.

Stentz [48] proposes a dynamic A* (D*) algorithm to tackle the route planning issue
in an uncertain environment. Compared with the A*, D* starts the path search
from the goal position to the initial position. The appearance of a new obstacle in
the trajectory only affects the path planning between the current position and the
obstacle in real time. Hence D* can better adapt to the dynamic environment and

reduce the computational cost.

In reference [49], Koenig presents a Lifelong Planning A* (LPA*) algorithm. LPA*

combines traditional A* with the incremental search to avoid the recalculation
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FIGURE 2.6: The flowchart of A* algorithm.

of global path planning resulting from changes in environmental preconditions,

speeding up planning in similar path cases.

Koenig develops a D* lite algorithm in [50]. D* lite is an incremental heuristic
algorithm for handling path planning challenges in unknown environments. D*
lite works based on the assumption that all unknown regions are free space, and
incrementally completes the planning task between the starting point (real-time

position) and the fixed target point.
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Although these brute-force methods can usually generate feasible and optimal re-
sults, many nodes are produced during the pathfinding process, which requires a
significant amount of computational memory to store. The Jump Point Search
(JPS) was developed by Harabor [51] to tackle the issue of excessive memory con-
sumption caused by redundant nodes. JPS introduces a forced neighbor pruning
rule while maintaining the basic principle of A*. It starts pathfinding from the
straight and diagonal directions of the point in the open list. Since only nodes
recognized as jump points are added to the open list, the JPS algorithm excludes

other points that may also be on the optimal path but are unnecessary.

Graph-based algorithms make a non-negligible contribution to generating optimal
and executable paths. Nevertheless, they are also associated with several drawbacks
that hinder their extensive application. One of the primary limitations is the high
computational complexity of constructing and searching the graph. This process
can be time-consuming and computationally expensive, particularly in open and
complicated environments. Furthermore, the geometry of the environment may
not be adequately reflected by graph-based techniques, which can result in less-
than-ideal solutions. Also, graph-based techniques might not be appropriate for

real-time applications due to their processing complexity.
ii. Sampling-based Algorithms

The uniqueness and core of sampling-based planning (SBP) lies in the random
sampling in the configuration space. SBP algorithms randomly generate child nodes
on the map starting from the parent node in the workspace, and connect the child
nodes to the parent node for obstacle detection. Only the child nodes that do not
trigger collision expand until an origin-destination path is generated. Probabilistic
road map (PRM) and rapid-exploring random tree (RRT) are recognized as the

two most commonly used sampling-based algorithms.

The PRM [52] consists of two phases. The first one is the learning phase. In this
phase, the algorithm randomly samples nodes in the configuration space to approx-
imate the object’s motion and saves the nodes located in the free space. Subse-
quently, vertices are linked to eliminate infeasible paths and generate a collision-free
roadmap. The query phase follows the learning phase to search for the executable
and optimal path on the basis of the Dijkstra algorithm and roadmap information.

PRM algorithms can effectively reduce computation time while avoiding obstacles.
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Algorithm 1 Probabilistic Road MAP Algorithm

Input:
n : the size of the roadmap in terms of nodes
k : the number of neighboring configurations to consider for each state
Output:
A roadmap G = (V, E)
Vo
E+—o
while |V| < n do
repeat
q < a random configuration in Q
until g is collision-free
V<« VUu{q}
end while
for all g € V do
N, < the k closest neighbors of ¢ chosen from V' according to dist
for all ¢ € N, do
if (¢,¢') ¢ E and A (q,q') # NIL then
E+— EU{(¢.4)}
end if
end for
: end for

e e e e e
SO A =

However, the smooth execution of PRM algorithms must be based on a sufficient
number of iterations. If the number of sampled nodes is not large enough, pre-
computing a roadmap can be time-consuming or unworkable. The pseudocode of
the PRM algorithm is shown in Algo. 3.

The RRT is a tree-growing planning algorithm introduced by Lavalle in [53]. The
RRT completes the pathfinding process by creating a tree-like graph. The RRT
algorithm starts by setting the initial point as the root node and randomly sampling
nodes in the motion space. The closest node in the tree to the randomly sampled
point is then selected for obstacle detection. The point is moved towards the
randomly sampled point direction with a predetermined step size, and collision-
free path detection is performed. If a new point is generated, it is included in the
tree-like graph. This process continues until the target point becomes a child node
of the tree structure. The pseudocode for the RRT algorithm is presented in Fig.
2.

Karaman [54] introduces RRT* to ensure the asymptotically optimal output path

generation. In this reference, a searching algorithm along a minimum-cost and
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Algorithm 2 Rapid-exploring Random Tree Algorithm

Input:
M: Global Configuration
Tinit: Initial Position
Tgoal: Goal Position
Output: : A path 7 from zini; to Zgoal
1: T.init()

2: fori=1ton do

3: Trand <+ Sample(M)

4: Tnear < Near (Tpang , T)

5: Tnew <— Steer (Trand , Tnear , Step Size )
6: E;i < Edge (znew y Tnear )

7 if CollisionFree (M, E;) then
8: T .addNode(Zpew)

9: T .addEdge(E;)

10: end if

11: if Znew = Tgon then

12: Success()

13: end if

14: end for

random geometric graph (RGG) is introduced during the expansion phase of the
child node. Instead of choosing the nearest parent node, the improved algorithm
selects the node with the minimum cost from the starting point as the parent node

and rewires the tree.

Reference [55] develops the RRT*-SMART algorithm to compensate for the slug-
gish convergence rate of RRT*. Instead of leveraging random sampling, it employs
biased sampling as the beacon for path optimization, which guides the road search
process along the periphery of the obstacle. Similarly, Arslan [56] presents the
RRT# algorithm to improve convergence speed. It constructs a spanning tree-like
structure extending from the initial point. The tree structure not only keeps the
current optimal path option but also stores the cost-come values of all vertices,

both of which can fully exploit step-by-step information for each iteration.

Gayle [57] proposes a Reactive Deforming Roadmap (RDR) framework to improve
PRM’s inability to handle dynamic obstacles and changing environments. RDR
applies internal and external forces to simultaneously perform local modification
and global maintenance, which can minimize the number of global roadmap updates

while reacting to dynamic obstacles.
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Reference [58] presents a small-step retraction planner (SSRP) to enhance the
unsatisfactory performance of PRM in narrow passages scenarios. SSRP combines
two algorithms (Optimist and Pessimist) with merits and drawbacks in terms of
speed and reliability to retract barely colliding configurations for the fast generation

of waypoints within narrow passages.

The fact that sampling-based methods are computationally effective and capable
of handling high-dimensional state spaces makes them ideal for real-time applica-
tions. Additionally, they can handle complex and non-linear environments, and
provide a high degree of flexibility in terms of defining obstacles and other con-
straints. However, sampling-based methods also have several drawbacks, including
the demand for a high number of samples in complicated situations and sensitiv-
ity to sample density. The number of samples required to cover the state space
completely increases exponentially with the number of dimensions, resulting in the

curse of dimensionality.
B. Trajectory Optimization

Since most of the DTS approaches are based on geometric constraints for the
pathfinding process, in many cases, the final trajectories generated by DTS algo-
rithms are not optimal or near-optimal. Also, these trajectories are not smooth

enough or even non-executable with respect to the actual results.

Therefore, trajectory optimization (TO) exists to take into account multiple con-
straints (e.g., kinetic constraints, time allocation constraints) to make the path
planning module more realistic and feasible. The purpose of TO is to determine a
practical and ideal route between the starting and desired state. This approach is
usually formulated as a non-linear problem [59], representing the path as a sequence
of points or a continuous curve. The constraints are OA missions and any other
physical or operational limitations. The optimization process seeks to minimize
a cost function that captures the desired trade-off between path length, smooth-
ness, and other performance metrics. TO is highly effective when the environment
is known in advance, and the obstacles are static. However, it can be computa-
tionally expensive, especially in real-time applications, where many samples and

complex optimization algorithms are needed to ensure the optimal path.
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To address this challenge, various approaches, such as approximation [60] and
heuristics [61], have been developed to make trajectory optimization more compu-
tationally efficient. Furthermore, integrating DTS and TO together can empower
the planner to produce a smooth, kino-dynamically viable, risk-free, and imple-
mentable trajectory that fulfills multiple optimality metrics (efficiency optimal,

energy consumption optimal, etc.).
C. Trajectory Tracking

Trajectory tracking (TT) refers to the process of forcing the UAV to fly along a
path parameterized in terms of time and space. Specifically speaking, the UAV
must arrive at the pre-specified location at a pre-determined time in the TT phase,
which intrinsically integrates the spatial and temporal distribution relationships
into a whole. Furthermore, TT also conducts research on the achievement of a

trade-off between tracking fidelity and stability.

Typical T'T approaches are subject to control tasks. They mainly focus on modeling
onboard dynamical equation-based controllers. In that way, they can be used
to supervise the operations of vehicles that must follow the reference trajectory
rigorously. Conventional TT control methods consist of state-space linearization
[62], geometric tracking controller [63], backstepping control[64], and sliding mode
control[65].

These classical algorithms perform well in simple scenarios, but their widespread
use also requires breaking through some limitations. For instance, UAVs own more
complex degrees of freedom, which can introduce non-linear or uncertain terms.
The complexity of mathematical modeling can substantially rise as a result of
these factors. Furthermore, the unstable environments (such as congested airspace
and multi-UAV interaction environment) in realistic applications also constrain the
implementation of these approaches. Consequently, these standard T'T algorithms

should also have robustness and potential for local replanning.

Reference [66] proposes an enhanced sliding mode control method to increase the
anti-disturbance capability of mobile robots. The core of the algorithm is the
proposal of an adaptive law based on a non-linear model and considering the robot’s
dynamical uncertainty. Also, it leverages discrete projection mapping to readjust

the parameters, and the velocity tracking error is significantly reduced.
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Gavilan [67] designs this route-following guidance principle from another perspec-
tive. A model predictive control (MPC) strategy depending on the optimal com-
putation of a particular cost is presented to solve the online T'T problem for UAVs.
This model designs a modified navigation low to iterate on the route prediction
and refinement process, ultimately achieving robustness and time synchronization

even in harsh weather conditions.

Reference [68] copes with the non-linear model predictive control (NMPC) problem
with dynamic OA. A solution for optimum control relying on the proximal averaged
newton is applied for the trajectory calculation phase, coupling with a penalty
consisting of dynamic obstacles for the navigation phase. This combination allows
the optimizer takes the dynamic barrier as an input, empowering the system to

perform TT tasks in several different dynamic environments.
D. Reactive Planner

After connecting DTS, TO, and TT modules in tandem, most autonomous vehicles
can already perform obstacle avoidance tasks. However, many unknown and un-
certain factors still exist in the real world. For example, UAVs in operation must
reasonably account for the sudden appearance of pedestrians and other UAVs when
passing around the corners of buildings. Therefore, an intelligent OA system must
be able to respond to unexpected situations promptly, and a reactive planner serves

this requirement.

UAVs can receive real-time assistance from the reactive planner to help them avoid
impediments in their flight trajectories. They are designed to react quickly to en-
vironmental changes and generate safe and efficient trajectories in real time. The
main objective of a reactive planner is to ensure the UAV’s safety in the face of
unexpected or dynamically changing obstacles. The reactive planner operates in
real-time and generates a corresponding response according to the current posi-
tion of the UAV and identified obstructions. It typically uses a combination of
algorithms such as potential fields [69], motion primitives [70], or other motion
planning techniques to generate reactive motion commands. A reactive planner is
handy in environments where the UAV operates in close proximity to obstacles,

where the obstacles are moving, or in other highly dynamic situations.

Di [69] implements Artificial Potential Field (APF) method in the local planning

scheme. The essence of APF is modifying the robot’s coordinate by virtue of the
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attractive and repulsive fields generated by the target goal and obstacles encoun-
tered accordingly. However, traditional APF methods tend to be trapped in local
minima and challenging to find the optimal solution when the local obstacles are
dense. Reference [69] also introduces a left-turning potential (LTP) field method
to resolve the abovementioned limitations. LTP instructs the robot to escape the
local optimum trap by calculating the magnitude and direction of each force field,

which is uncomplicated and symmetrical.

Minguez [71] develops a nearness diagram method (ND) to command the motion
planner in unstructured and changing environments. ND focuses on the extraction
of spatial information from a high level. It describes the environment from the
obstacles to the central point and robot periphery, respectively. Then, ND deploys
this information to judge the safety situation of the robots and produce motion

commands with five different motion laws.

Reactive planners can also provide resolutions for OA systems in changing environ-
ments populated with dynamic obstacles. The dynamic window approach (DWA)

is a rather classic example.

Seder develops the DWA approach in [72] to fine-tune the graph-based global plan-
ner. DWA is a velocity sampling-based optimization algorithm that allows for
the robot’s dynamics and kinematic constraints. DWA samples in the space of
translational and rotational velocities. Subsequently, it simulates the trajectory at
different sampling values within the range of maximum acceleration and minimum

deceleration.

DWA can select the optimal result by evaluating different trajectories utilizing
the evaluation function. The DWA approach is often employed in conjunction
with global planning algorithms to improve the mobility and flexibility of the OA

system.

2.2.2 Learning-based Collision Avoidance Solutions

The investigation of conventional OA techniques has been reasonably exhaustive
and detailed. These works do have some restrictions, however. For instance, global
planning and reactive planning modules can function independently, which means

they demand separate designs from developers. In addition, the complexity of the
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entire system is prone to rise due to the multiple constraints that must be con-
sidered to guarantee the viability and optimality of the final produced trajectory.
Traditional OA systems also have many serial sub-modules, each of which must go

through a separate, time-consuming tuning process.

Recently, as RL technology has continued to advance, its distinctive benefits have
also been emphasized in creating OA systems. On the one hand, RL-based methods
can learn how to generate motion-planning commands straight from interaction
data between robots and their surroundings. On the other hand, end-to-end RL-
based OA systems can operate without a priori map, and the integration of the

global and reactive planners can be achieved.

RL-based techniques are more adaptable and flexible since the quality of the geo-
metric map in conventional approaches directly influences the outcome trajectories.
This section examines the pertinent literature concerning deploying RL approaches

as a supplemental module and developing end-to-end RL-based OA systems.
A. Global Planners with RL Submodule

Many scholars have focused on integrating RL algorithms and global planner to ad-
dress the challenges encountered in conventional global path planning approaches,
including limitations of the static environment and large-scale pathfinding problem,

etc.

To get swing-free trajectories for UAVs with a suspended load, Faust [73] creates
an approximate value iteration (AVI) RL-based method, which divides the route-
finding process into two phases: learning and generation. A value function based
on a greedy strategy is acquired during the learning phase. This value function can
then be transferred to other road circumstances by some criterion in the generation
phase. Simulation results and experiments indicate that adding the RL module
is conducive to UAVs in static environments generating various pathways with

minimal residual oscillations.

Subsequently, this research is expanded to the circumstance considering the kine-
matic constraints of the UAV suspended load system. This comprehensive approach
[74] leverages the PRM algorithm as the global route-seeking method, cooperating
with the RL-based algorithm to generate a risk-free trajectory with restricted load

adjustment for the quadrotor. The RL agent utilizes the state and action space
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restrictions to design the route tracking module. This coupling composition not
only expedites the convergence of a single policy but also enables the expansion of

the state and action space across tasks.

For the indoor long-distance navigation tasks across large-scale complex maps,
Faust further presents a hierarchical PRM-RL approach in reference [75]. Unlike
constructing waypoints based on straightforward configuration space linear con-
nectivity, the PRM-RL algorithm first utilizes Rl agents for the local point-point
navigation, dividing the whole configuration space into several parts. The connec-
tivity, as assessed by the RL agent, is then used to produce the optimal motion

commands.

The application of RL in global planners offers several advantages. For instance,
it can handle dynamic environments, where obstacles can appear and disappear
in real time. It can also handle partial observability, where the agent is difficult
to have full knowledge of its surroundings. Moreover, the efficiency of the global
planning algorithms and the robustness of the RL agent can be integrated to give
the whole structure the capability to escape the local minima trap and maintain

stability in a dynamic environment [75].
B. Reactive Planners with RL Submodule

Reactive planners in OA are responsible for reacting quickly and efficiently to
environmental changes, which requires a high level of flexibility and adaptability.
To achieve this level of performance, many researchers have proposed incorporating
RL techniques into reactive planners. They aim to provide robots with the potential
to undertake evasive maneuvers in the face of unexpected impediments while being

robust to external disturbances.

Patel [76] introduces a hybrid DWA-RL algorithm to speed the response time of
conventional local planners to moving obstacles. This algorithm creates a time-
astute, low-dimensional observation space by embedding the DWA into the low-
level space generator and leveraging the velocity sets together with their corre-
sponding cost values. With this algorithm, robots can promptly obtain trajectories

that are both dynamically viable and spatially sensitive.

To boost the effectiveness of conventional reactive planners in uncharted areas with

limited global knowledge, Chang [77] proposes an adaptive Q-Learning-based DWA
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structure. By increasing the number of DWA evaluation functions, the algorithm
lessens the detrimental effect of some elements (such as robot sluggishness or dense
obstacles) to increase the navigation ability of the DWA. This strategy balances ef-
ficiency and computational cost with a statisfying success rate even in the dynamic

environments.
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FIGURE 2.7: The architecture of network designed for safe navigation among
pedestrians.

Besides, another area of focus for certain researchers is the utilization of RL algo-
rithms to predict uncertainty risk levels and behavioral patterns in the surrounding

environment (like the off-course UAVs and pedestrians).

A hybrid RL-based framework is proposed in [78] to learn policies that guarantee
robots can execute evasive maneuvers while heading toward the desired destination
in congested indoor environments. The network architecture is depicted in Fig. 2.7.
The planning and RL modules make up the framework. On the basis of a prior map,
the planning module is responsible for producing workable route points, which are
then fed into the policy network combined with the sensor data and target state.
The policy network in the RL module is responsible for learning various pedestrian-
robot interaction patterns based on a soft actor-critic (SAC) method. According to
experimental results, the RL module can successfully assist the robot in learning
a range of interacting maneuvers, such as decelerating, meandering in place, or

backing up.
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C. End-to-end RL-based Obstacle Avoidance Solutions

Notably, in the studies mentioned in the preceding sections, RL algorithms are only
employed as an enhancement or supplement to conventional OA solutions. The

concentration of review in this section is on end-to-end RL-based OA resolutions.

Since these mapless resolutions achieve the integration of the global and reactive
planners, researchers do not need to take geometric maps’ effect on overall planning
quality into consideration. Agent-level and sensor-level approaches are the two
categories into which RL-based map-free OA resolutions can be further subdivided.
The agent-level approaches are founded on a pre-defined state evaluation procedure
that offers direct access to the environment’s upper-level state data. The robot
can acquire the optimum planning tactic faster since agent-level models are more
convenient to train. However, these approaches assume flawless perception [40]
or require additional communication channels to exchange state information. The
adaptability and applicability of agent-level approaches are constrained by these

limitations.

As for the sensor-level approaches, the non-linear mapping from the unprocessed
sensor data to the output strategies is directly established, which is recognized as
an end-to-end technique. As a result, compared to agent-level approaches, sensor-
level approaches are more scalable, adaptable, and have greater sim-to-real capa-
bilities. The approaches for end-to-end and sensor-level RL-based route planning
are described in this part. Sensor-level RL motion planning techniques are further
classified into two groups: laser range finder (LRF) based methods and visual-based
approaches, in accordance with the general research trends and widely leveraged

robot perception techniques.
i. Laser Range Finder-based Methods

Map building, depth estimation, autonomous driving, and other applications em-
ploy LRF technology extensively. Several cutting-edge RIL-based OA resolutions

with LRF techniques are presented in this section.

Researchers present the intrinsic curiosity module in [79] to enable RL agents to
receive the intrinsic reward, in contrast to some strategies that specify the reward
type of navigation in advance. The planner gains greater generalization skills in

the 2D virtual world due to this exploring approach.
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Similarly, Shi [80] shows a novel A3C framework with an intrinsic curiosity module
to produce motion commands directly from unprocessed laser data. They validate
the feasibility of the framework by successfully applying it to an authentic mixed

scenario from the physical engine.

The hazard assessment and avoidance issue in a static simulated environment with
moving impediments is taken into consideration by Wang [81]. The LRF’s raw
sensor data is sent into the collision-free planning module, which then generates
a b-dimensional force vector. The geographical stream and the temporal stream
are the two streams that make up the policy network in their planner, which is
significant to notice. The two streams are responsible for extracting time series
information and geometric discrepancy from the input, respectively. According to
experimental findings, this strategy can take immediate avoidance measures when

confronted with dynamic impediments in a 2D simulation environment.
ii. Vision Sensors-based Methods

Vision sensors are also frequently employed as perceptual modules for autonomous
robots in addition to Lidar sensors. Some investigations have discovered that per-
ception and decision-making tasks can potentially be performed directly on the
unprocessed visual data input. Convolutional neural networks (CNNs) and the

DRL architecture are ideally suited for this purpose.

In [82], DeepMind researchers suggest using the NavA3C method to train the agent
to discover its destination and navigate through several 3D mazes. It consists of
several auxiliary submodules, including depth estimation and closure detection.
This study successfully expedites the robot’s learning of navigational techniques
by utilizing additional experience from auxiliary activities such as ambient closure

detection.

Li puts out a DRL-aided goal-oriented visual navigation strategy for interior set-
tings in [83]. In contrast to earlier efforts on visual navigation, this approach has
a higher capacity to generalize to different contexts and a stronger potential to be

transferred to actual scenarios with only minor modifications.

The assumption behind the aforementioned visual-based motion planning tech-
niques is that the static target is known. In active dynamic target tracking settings,

researchers from Tencent Al Lab and Peking University have been collaborating on
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route planning tasks for the purpose of dynamic goal tracking [84]. They leverage
LSTM technology to store the movement patterns of the target point and update
the trajectory in real-time. Additionally, This study also enhances the sim-to-real
capacity of the model by environment detail augmentation, thus further strength-

ening the model’s robustness and scalability.






Chapter 3

Self-Supervised Monocular Depth

Estimation

Self-supervised MDE is one of the directions that have made significant progress in
depth estimation in recent years. It requires only a single camera to acquire con-
tinuous images to train a depth estimation model. This technique is not supposed
to necessitate a significant quantity of labeled datasets with corresponding ground
truth compared with previous conventional approaches, which tremendously re-
duces the difficulty of acquiring datasets. After optimization in different studies,
this technique has achieved comparable relative depth prediction effectiveness on

the KITTI dataset [30] as models stemming from supervised learning [29].

While most existing depth prediction methods are tailored for autonomous driv-
ing, this work proposes a modified self-supervised framework specifically designed
for UAV applications. The modification details are explained, followed by the ex-
perimental results and analysis based on a dataset of UAV application scenarios,
including depth value conversion and error analysis. This self-supervised depth es-
timation architecture is to satisfy the obstacle detection function of UAVs in VLL

urban complex airspace.

3.1 Methodology

35



36 3.1. Methodology
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FI1GURE 3.1: Flowchart explaining the model workflow

A. Overview

Considering the possibility of acquiring a sufficient amount of ground truth, which
is also expensive. This chapter introduces a self-supervised model to solve the
MDE problem. The training process of self-supervised architecture is solely gov-
erned by the information available in the RGB input image(s). The pipeline of
self-supervised depth estimation approaches can be depicted in Fig. 3.1. Self-
supervised methods take the geometric restrictions of objects in adjacent frames
as the supervision indicator. More specifically, self-supervised models always take
a monocular video sequence as input (in which one image is the target image and
another is the reference image), along with camera intrinsics and the spatial trans-
formations between frames. The focus of the training goal is straightforward. After
getting the depth map predicted by the network, points generated based on the
inferred depth in the target image can be warped to the reference image to get the
reconstructed image combined with the camera movement information (see Eq.
3.1). The proof of Eq. 3.1 is depicted in Appendix. A.1. Due to the inaccurate
depth prediction results, there is a photometric error between the original and re-
constructed images. The network can be trained based on the photometric error

instead of the ground truth.

Pn - KTn—1—>nDn—1 (Pn—l) K_lpn—b (31)

where P, represents the pixel on current frame I,,, and P,_; denotes the matching
pixel of P, on the previous frame I,,_;. K is the internal parameter of the camera,
which is assumed to be a known constant. 7,,_;_,, stands for the self movement
matrix between I, and I,, and D, (P,_1) refers to the depth value at pixel
P, 1.
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This chapter proposes a model for jointly inferring a depth map and the camera mo-
tion information between the continuous frames from an unlabeled video sequence.
The model comprises two parts: a subnetwork designed for depth prediction and
a subnetwork designed for pose estimation. Figure. 3.2 depicts the overall frame-
work of our model. We denote the input frame of the depth estimation subnetwork
as the target image I;, and images at the previous moment or later as reference
images [; 1 or I;;1. The depth estimation subnetwork aims to generate the depth
map D; from I;. The pose estimation subnetwork aims to output the self-motion
matrix Ty, ;—1) or T 4+1) by taking a pair of target and reference images (I;_1,

It); or (It, [t-l—l) as input.

Subsequently, the reference images (/;_1 or I;11) can be warped into the target
image (I;) to reconstruct the target view (see Fig. 3.3). It can be seen from the
Fig. 3.3 that after projecting the pixel point in [; to I;_;, a bilinear sampler is
employed to calculate the 2d coordinates of the projected pixel point in the I;_; to
reconstruct the image. The differences between target and reconstructed images
are considered reprojection loss. By utilizing the reprojection loss between the
target image and reconstructed image as supervision, the entire model is able to

be trained in a self-supervised manner.

Depth Network Project
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£
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FIGURE 3.2: Overview of the pipeline of our self-supervised depth estimation
model
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B. Bilinear Interpolation

As shown in Fig. A.3, the disparity map depicts the geometric correlation between
the pixel points of the left and right views of the stereo images captured simulta-
neously. The disparity map allows pixel points from the left view to be mapped to
the right view based on the corresponding points. The mapping relationship can

be expressed as follows when the disparity value is an integer.

I (u,v) =1 (u— DF*,v), (3.2)

where the reconstructed right view is denoted by I,, with u and v representing the
horizontal and vertical pixel coordinates, respectively. I; is the input left view, and

D represents the disparity value at row u and column v.

However, during the mapping process, the predicted disparity is a continuous float-
ing point number, which means that the mapped coordinates may not align with
pixel locations, resulting in non-integer values for u — D/". In such cases, the pixel
mapping relationship cannot be expressed simply as in Eq. 3.2. To optimize pixel
values at non-pixel locations, the bilinear interpolation method is often leveraged
in image processing. This method is advantageous because of its differentiability,
which is essential for backpropagation during the training process. Therefore, this
chapter employs bilinear interpolation to optimize pixel correspondence in stereo

images.

The bilinear interpolation involves linearly interpolating the coordinates in the X
and Y directions. Figure. 3.3 shows a coordinate with point P;_; and its four
surrounding points P!, P2 ,, P? |, and P} . The aim is to estimate the value of
point P dependent on the known value of the four neighbors. To achieve this, let
the midpoint of P! |, P2, and P?,, P}, be C; and Cy, respectively. The values

of these two points are obtained leveraging linear interpolation in the X-direction:

(O~ 2 (PL) + 2 (PR)) (3.3)
F(Co)m (P + 2 (L), (3.4)

where z1, x, and 5 are the horizontal coordinates of P!, P,_y, and P? |, respec-

tively.
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Then, similarly, the value of P,_; can be obtained by linear interpolation in the Y

direction based on C, Cs:

Y2y Yy—U
f(Pio1) = - y1f (C2) + Yy y1f (Ch), (3.5)

where 1, y, and y, are the vertical coordinates of Cy, P,_1, and C, respectively.

Y2 — Y
Yy—Mu

(3.6)

Combining Egs. 3.3, 3.4, and 3.5 to get:

1
(z2 — 1) (y2 — ¥1)

f(Pioq) = [:Bg—xx—xl]

The bilinear interpolation method in this chapter is performed for the pixel coordi-
nates, assuming that the coordinates of the four neighbors are (1,0), (1,1), (2,0),
and (2,1). As a result, Eq. 3.6 can be simplified as:

fla,)~|1-z x—1} [fgtg f(1,1)] [2:?] (3.7)

p< d S
2l e

Reprojection Loss

FIGURE 3.3: An illustration of bilinear interpolation approach.
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C. Analysis of Monocular UAV Depth Estimation Problem

A monocular UAV refers to a UAV that utilizes only a single camera in a fixed
direction for perceptual ODA. Most vision-based UAVs are equipped with at least
one camera in either the forward or downward direction. Since downward-facing
cameras are commonly employed to provide partial auxiliary information [85] or
under simplified assumptions, such as translation without yaw [86], variations be-
tween images captured by downward-facing cameras are primarily influenced by
translation and rotation in the x-y plane in UAV application scenarios. Conse-
quently, the scenario variations between consecutive frames are typically not as
ample as those in forward-facing environments, making pose and depth estimation
more challenging compared to forward-facing scenarios. To enhance the model’s
generalization and capability to extend to multiple scenarios, this study conducts
the training process based on a dataset acquired by a downward-facing camera and

subsequently applies it to the forward OA scenario for validation.

Monocular vision might not be able to compute depth information through ge-
ometric disparity as accurately and directly as stereo vision. Nevertheless, it
can be leveraged to anticipate significant depth information in the ODA scenarios
combined with self-supervised learning techniques. In-flight UAVs equipped with
monocular vision can capture consecutive video frames that suit the objectives and
requirements of self-supervised MDE. Moreover, a training model based on UAVs’
downward depth estimation scenes could strengthen the precision of forward depth
estimation in UAV ODA missions.

Unlike the road driving environment of the KITTI [30] dataset leveraged in the
related research, the depth estimation in this study mainly focuses on UAV sce-
narios. Compared to the road driving scenario consisting primarily of structured
objectives such as light poles, pedestrians, and buildings, the UAV scenario mainly
covers structured and unstructured objectives such as forests, bushes, automobiles,
and roadways. Furthermore, the UAV has only one downward-facing monocular
camera, which has a different focal length, single pixel size, and resolution than
the camera launched in the self-driving automobiles, resulting in the different cam-
era’s internal reference matrix K. As a result, directly training the model with
the KITTI dataset can negatively impact its accuracy. In order to reduce depth
estimation errors, a dataset comprising UAV-specific camera shots that capture

continuous motion information is required. The WildUAV [87] dataset, which
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includes various landscapes, such as forests, plains, and wilderness, recorded de-

ploying 4K cameras mounted on UAVs is leveraged in this study to perform MDE
tasks.

The self-supervised depth estimation model learns the relationship between object
color, texture, structure, and relative depth, which is subject to dataset bias and
requires a corresponding scene dataset to improve estimation accuracy. However,
occlusion and violation of point presence assumptions in both images can occur,
which needs to be minimized during training. Besides, the practical situation will
have the limit of depth estimation distance under the influence of resolution and
noise, which cannot be learned to estimate more distant scenes. Moreover, too
prominent obstacles may cover the entire image frame, leading to an immense con-
tent gap between adjacent frames. Especially when there is excessive rotational
motion between two frames, pixels are prone to fail to establish correspondence.
Therefore, comprehensive consideration of different optimization methods is re-

quired to strengthen training and reduce the impact of inherent defects on UAV

OA.

D. Depth Estimation Subnetwork
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FI1GURE 3.4: U-Net architecture.

Since U-Net [88] has the capability to localize each pixel on the image and distin-

guish specific patterns precisely, it is commonly utilized for pixel-level prediction
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of depth estimation. Fig. 3.4 depicts the network architecture of U-Net, with the
number of channels shown on top of each block. Blue blocks denote feature maps
with multiple channels, while the image size is specified at the lower left corner.
White blocks represent copied feature maps from the shrinking stage. The arrows

denote different operations.

Based on this, a modified version of this typical structure is deployed to create
the depth subnetwork. The architecture of the depth subnetwork is shown in Fig.
3.6(a). Similar to the traditional U-net, the network consists of an encoder, a
decoder, and four skip connections. The encoder comprises convolution blocks,
batch normalization layers, and a Maxpooling layer, all of which extract different

sizes of depth features from input images.

Unlike the traditional U-Net, these convolution blocks are built based on ResNet
[89], which develops a deep residual learning approach to tackle the problem of
gradient explosion or disappearance during backpropagation. It specifically allows
these layers to stack the output directly to the next layer without passing through
the weight layer, which is also defined as residual mapping. The deep residual
learning approach centers around the residual block, illustrated in Fig. 3.5, which
incorporates the desired underlying mapping as H(x) and the activation function
as F(x). Without the skip connection, input = undergoes weight multiplication,

followed by the addition of a bias term during network optimization.

X

A\ 4

weight layer
F(x) Jrelu <
weight layer identity

FIGURE 3.5: Diagram of the residual block.

Then H(x) can be represented as:

H(x) = F(wx + b). (3.8)
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However, with the introduction of the shortcut shown in the above figure, the

desired underlying mapping can be recast into

H(x) = F(x) +x. (3.9)

The main purpose of introducing skip connections is to allow the network to adap-
tively determine whether or not to perform identity mapping, which is an integral
part of nonlinear function modelling, even though it is only an ordinary linear map-
ping. As mentioned before, identity shortcut connections are capable of converting
the original multiplication operations into addition operations, avoiding introduc-
ing extra parameters and decreasing computational complexity simultaneously. As
the model’s complexity increases, modelling an identity mapping deploying stacked
layers becomes challenging. To speed up the training process, ResNet proposes op-
timizing the difference between the desired and identity mapping, since it is easier
to push the residual to zero than to fit a feasible identity mapping with nonlinear

layers.

Unlike the traditional ResNet50 backbone, the output channels of each convolution
block of the proposed model are 32, 64, 128, 256, and 512, removing the convolution
block related to 1024 output channels to accelerate depth estimation. The decoder
comprises the same convolution blocks as the encoder, upsampling layers, and a
Softmax layer to restore the extracted features to the original size. Among them,
the upsampling layers serve to gradually scale up the image to its original resolution
while simultaneously reducing the number of channels in the output result. The
output channels of the first four convolution blocks in the decoder are 512, 256, 128,
and 64, respectively, and the output channel of the last convolution blocks is 1. Skip
connections combine the information in the shallower and the deeper layers, making
the network leverage fine-grained features learned in the encoder to predict depth
in the decoder. In more detail, the coarse information in the encoder is resized and
stacked with the decoder to accelerate training. The detailed architectures of the

encoder and decoder of the proposed depth estimation subnetwork are depicted in
Table 3.1 and Table 3.2.

E. Multi-Scale Upsampling
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TABLE 3.1: Detailed architecture of encoder

Name of Layer Kernel Size Stride Number of Channels Repeat Times

Conv 1 Tx7 2 3/32 3
Pool 1 3x3 2 - 1

[ 1x 1]
Resblock1 3x3 1 32/64 3
| 1 x 1 |
[ 1x 1]
Resblock2 3x3 1 64/128 3
| 1 x 1 |

[ 1x 1]
Resblock3 3x3 1 128/256 3
| I x 1 ]

[ 1x 1]
Resblock4 3x3 1 256/512 3
| I x 1 ]

To comprehensively combine the features extracted from all decoder layers, which
are conducive to predicting the depth map more accurately, a multi-scale upsam-
pling estimation method is proposed to calculate the weighted loss sum in all
decoder layers. More specifically, it is shown in Fig. 3.6(b) that images with four
different resolutions are produced during the decoder. Losses obtained at differ-
ent scales in the decoder can be calculated compared with their corresponding
reconstructed images, respectively. Therefore, the total loss is the combination of
each photometric error at the resolution of each decoder layer. Compared with
the deeper layers, shallower layers of the network provide less contour information
related to the depth map. The final loss is a weighted sum of losses in each layer,

and the weights are supposed to increase gradually from shallower to deeper layers.
F. Pose Estimation Subnetwork

As for the pose estimation subnetwork, a modified ResNet50 is also utilized as the
encoder. The encoder accepts two adjacent frames(six channels) as input to extract

features, and the output channels of the convolution block in the encoder increase
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(a) Architecture of the depth estimation network.

:

(b) Reconstructed images at different resolutions in the decoder.

FIGURE 3.6: Framework of the depth estimation network.
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TABLE 3.2: Detailed architecture of decoder

Name of Layer Kernel Size Stride Number of Channels Repeat Times

Conv 2 3 %3 2 512/512 3
Upconv 1 3x3 2 512/256 1
Conv 3 3x3 1 512/256 3
Upconv 2 3 X3 2 256/128 1
Conv3 3% 3 1 256/128 3
Upconv 3 3x3 2 128/64 1
Conv 4 3x3 1 128/64 3
Upconv 4 3x3 2 64/32 1
Conv 5 3% 3 1 64/32 1
Conv 6 3x3 1 32/1 1

from 16 to 512 exponentially. The decoder comprises five convolution blocks fol-
lowed by a global average pooling layer, and the final output channels of the decoder
are 6, corresponding to the 6-DoF relative camera pose. The architecture of the

pose estimation subnetworks is shown in Fig. 3.7.

B Conv + BN+ ReLU
B Conv +RelLU
I Global Average Pooling

F1GURE 3.7: Architecture of the pose estimation network.

G. Automatic Mask
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The network proposed in this chapter must meet the prerequisites of a moving
camera and a stationary background. However, these assumptions are difficult to
meet in real-world application scenarios. For example, prediction can degenerate
significantly when UAVs are required to perform hovering operations in texture-
less environments or there is a moving object in the current scene. To solve this
problem, we employ an automatic mask p to exclude the loss of pixels where the
reprojection error of the reconstructed image I,._,; is higher than that of the un-
warped reference image I,.. Since a static camera or an object moving at a similar
velocity as the camera always produces identical pixels between adjoining frames,
this formulation can filter out these pixels that break down the previous assump-

tions.

p = |minpe (I, I,:) < minpe (I, )| , (3.10)

where | | is the Iverson bracket, then  is 1 when the conditions are determined to

be ture.
H. Loss Function

Our model is guided to update the network parameters in the direction of mini-
mizing photometric reprojection error. We denote the relative pose between the
target image I;, and the reference image I, ([;_; or I;y1,) as Ti,. Our model
tends to establish a dense depth map D; that generates the minimum photomet-
ric reprojection error L,. Initially, the reconstructed image I,_,; can be obtained

utilizing the following formulation:

[T~>t = [r <pr0j (Dta Tt—)ra K)) 5 (311)

where proj() are the resulting 2D coordinates of the projected depth D, in I, ()

is the bilinear sampling operator, and K is the camera intrinsic matrix.

Minimum photometric reprojection loss L, is adopted as one of the loss indicators

between I; and I;_,,, the formulation can be expressed as:

L, = minpe (I3, I,_), (3.12)
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where pe represents the photometric reprojection loss and min denotes the mini-
T

mum value of pe.

Inspired by reference [90], the most frequently leveraged loss functions in DL are
L1 and L2 losses. Among them, L1 loss serves to minimize the absolute difference
between the model’s predicted values ¢ and true values y. It can be mathematically
represented as L1 = ||y — g||1. L1 loss is known for its robustness and adaptability
to outliers, allowing for multiple solutions, but its non-derivable property may
lead to unstable solutions. Meanwhile, L2 loss is responsible for minimizing the
squared error between the model’s predicted values y and true values y. It can be
mathematically represented as L2 = ||y — g||3. L2 loss is sensitive to outliers. This

sensitivity to outliers can result in instability and divergence of the training.

Considering the effect of a large amount of noise and outliers at the early stage
of training, we build pe based on L1 loss and Structural Similarity Index (SSIM)
following the methods in [37]. Among them, SSIM is an indicator leveraged to
measure the degree of similarity between two images. As an image has a nonneg-
ligible structural property, there is a strong correlation between adjacent pixels in
the image. This correlation between pixels is an essential carrier of the scene’s
structural information. The most sensitive noise signals in the human visual sys-
tem are local luminance, color contrast, and scene structure in the field of view.
SSIM well captures the characteristics of the human visual system that is sensitive
to scene structure. SSIM extracts spatial scene information from the image from
the perspective of image composition, making this index an independent attribute
of scene brightness and contrast, which is not considered by conventional methods
of image similarity comparison. SSIM consists of three aspects: the image’s local
brightness, local contrast, and scene structure. The mean value represents the sim-
ilarity of local brightness, the standard deviation reflects the similarity of contrast,
and the covariance represents the similarity of scene structure. Therefore, SSIM

can be expressed as follows:

SSIM(I,1) = L(I,I)-C(I,I)-S(I,I), (3.13)

where L(I,I), C(I,I), and S(I, ) refer to the similarity of local brightness, local
contrast, and scene structure, respectively, which can be mathematically depicted

below:
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- 2urpi + C
L(I 1) = ST (3.14)
pr+p;+1
~ 20707 + Cy
C(I,])= —"1_—=_ 3.15
(1.1 - A (315)
~ g7 +Cg
S(I,[) = ——" 3.16
( ) U[O’j—i‘Cg ( )

Here, I is the original input image, I is the reconstructed image, pr, iy refer
to the mean values of I, T , respectively, o, oj represent the variances of I, I,
respectively, o;, denotes the covariance of I, I, C, Cy, and C5 are constants.
Typically, C3 = 2C5 to protect the denominator from being 0, therefore SSIM can
be simplified as:

(urp; + Ch) 207 + Cy)

P (;ﬁ + p2+ Ol> (o—% +0?+ OQ> ’

(3.17)

Inspired by reference [91], constants C; and Cy are preset as 0.012 and 0.032

respectively.

Following the methods in [37], pe can be calculated based on L1 distance and SSIM:

[0
pe (Ir%ta [t) = 5 (1 — SSIM (Ir%ty It)) + (1 — CY) H[T‘*)t — [tHl y (318)

where « is 0.85 following the setting of reference [37], ||I,_,; — I;||, represents the
L1-norm, the value range of SSIM is [0, 1], and the degree of similarity between

the reconstructed and original images increases as the value approaches 1.

The depth values of neighboring pixels in an image are prone to be identical or
close to each other, which also does not change dramatically at a certain point. In
order to smooth the depth transition of edge pixels, this chapter also adds depth
smoothing loss to the estimation network, which can be obtained by calculating
the disparity gradient change. By reducing this depth smoothing loss, the accuracy
and quality of the output depth map can be further improved. Therefore, the edge-
aware smoothness loss L; is introduced to form the overall loss function together

with the photometric reprojection loss:
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Ly = |0,d;| e 10Tl |0, d |15 (3.19)
where df = d,/d, is the inverse depth normalized by the mean value.

In Eq. 3.19, the edge-aware smoothness loss includes two parts: gradient changes
in the disparity map and the original RGB image. Typically, there are massive
gaps in sharp edge areas, including color, contrast, and shape, which means that
the gradient here varies considerably. Therefore, e~1%% and e~ 1%/l exist to prevent
the effect of edge regions on the overall loss function while constraining gradient
changes in smoothed regions, thus ensuring that continuous regions in the original

image can maintain to be smoothed in the disparity map.

Since the features extracted in the low-resolution layers of the decoder reveal less
about the contour of the depth map, which may lead to inaccurate network pre-
diction, assigning the same weights to the low-resolution and high-resolution layers
tends to result in the divergence of the network. Therefore, the overall loss function

can be written as follows:

L= w;(uLy;+ L) (3.20)

where subscript ¢ represents the layers of the decoder at different resolutions, w;
denotes the weights determined by the resolution, and A is the smoothing coeffi-

cient.

3.2 Simulation Results

A. Dataset

WildUAV [87] is employed as the training dataset. WildUAV raw dataset contains
over 1500 high-resolution (5280 x 3956) images, and their corresponding depth
ground truth data is provided jointly with camera intrinsics. The scenarios in the
captured images contain both unstructured forest areas with various landforms and
structured objects such as driveways, vehicles, and pedestrians. Some samples of

the dataset are shown in Fig. 3.8.
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Although WildUAV comprises high-resolution images with rich information, the
total number of images is insufficient to avoid overfitting. Therefore, images are pre-
processed before training. Ten sub-images are cropped from the center part for each
image because the center part typically contains richer texture information than the
boundary part. Subsequently, every sub-image is linked with its adjacent frame
to get ten sequences. Then data segmentation is performed on these sequences
to obtain the final training and validation sets. The segmentation approaches

deployed are as follows:

e Flip the image horizontally with a 50% probability.

e Adjust the v value of the image with a 50% probability, v value is varied in
the range of [0.8,1.2].

e Adjust the brightness of the image with a 50% probability, brightness value
is varied in the range of [0.5,2.0].

e Take a random number from [0.8,1.2], and multiply the values of original

RGB channels by this number to get a new image color.

FIGURE 3.8: Samples of the dataset

Eventually, the training set comprises 11961 images, while the validation set in-

cludes 1329 images and the test set contains 2100 images.

B. Implementation Details



52 3.2. Simulation Results

Only monocular image sequences are utilized as the training set, and the network
is trained in the development environment of Ubuntu 20.04, Pytorch 1.8.2, and
CUDA 11.3. The details of the parameter setting are as follows: we set A = 0.001,
w = {0.125,0.25,0.5,1} accordingly. The training process of the network involves
30 epochs with a batch size of 8. During the first 25 epochs, the learning rate is
set to 2 x 107* and then switched to 10™* for the remaining epochs. The training
on a computer with four NVIDIA T4 Tensor Core GPUs, each with 2560 CUDA

cores and 16 GB of memory, takes approximately 6 hours.
C. Performance Evaluation Metrics

To quantitatively examine the prediction results, several commonly used evaluation
metrics in prior works are employed as indicators of judging the performance of

models. Their corresponding formulas can be written as follows:

N
1 |D; — D
N 2
1 < |D; — D}
1= — ) = il 22
Sq Rel = — ;:1 Dr (3.22)
1 N
RMSE = —§ |D; — Di|? 3.23
N i:l‘ e (3.23)
1 N
LG RMSE = | — > [lgD; — g D;**, 3.24
N 2 g g D" (3.24)
D, D:
Accuracy : max (D;‘" Di) =0<T. (3.25)

In the above formulas, N is the total number of pixels in the target image, D; and
Dy denote the estimated depth and the depth ground truth, and 7" is the artificially
set thresholds {1.25,1.252,1.25%}.

D. Analysis of Results
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Estimation results are compared with Monodepth [36] and Monodepth2 [37], both
of which are unsupervised monocular depth estimation models showing great results

on the KITTTI [30] dataset. The estimation results are compared in Fig. 3.9.

It can be seen from Fig. 3.9 that the proposed model produces a sharper depth
map than the comparative models. Compared with the depth ground truth, the
proposed model performs better on the depth estimation of the drive lanes, while
Monodepth and Monodepth2 show weaker performance in predicting their depth.
Since the two monocular depth estimation models leveraged for comparison ap-
ply shallower networks than ours, they are prone to fail when encountering en-
vironments with less texture and longer distances in UAV application scenarios.
Combined deeper networks with the weighted loss, the proposed model can better
adapt to textureless environments and more accurately predict depth information
for densely wooded areas and sparse driveways. It can be speculated that the in-
troduction of deeper networks and weighted loss brings more promising prediction

results.

Target Image Ground Truth Monodepth [32] Monodepth2 [34]

FIGURE 3.9: Estimation results on the WildUAV dataset
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The above results can only qualitatively judge the model’s performance. In order
to quantitatively analyze the estimated results, the absolute predicted values are
required to compare with the ground truth. Since the last layer of the depth es-
timation subnetwork deploys a Sigmoid activation function, the values of the final
depth map are floating point numbers between 0 and 1, which means they can
only represent the relative depth relationship instead of absolute depth values be-
tween individual pixels. The distance measurement range must be specified before
converting the depth map values into the actual distances. As the actual depth
values of the dataset deployed for training are between 2m and 98m, the minimum
distance is set to 1m, and the maximum distance is set to 100m considering the
associated error. The relative depth value can also be defined as the disparity,
roughly considered the inverse of the depth. As mentioned in Eq. A.6, disparity
values can be converted into absolute depth values following the method presented

in [37]:

D =1/[(a—b)o + b, (3.26)

where D refers to the absolute depth value, o represents the disparity value, a
denotes the reciprocal of the maximum distance, and b is the reciprocal of the

minimum distance.

After completing the conversion process, the results can be leveraged to compare
with the ground truth. The comparison result of one example can be depicted in
Fig. 3.10.

It can be concluded from Fig. 3.10 that the predicted and actual results’ depth
values are both between 30m and 45m, and their distributions are relatively similar.
Additionally, given the significant variation in depth span ranging from 10m to
80m in this scenario, this chapter considers the model’s errors within this range
to investigate the performance variance across different depth levels. It can be
concluded from the results that errors are basically around 10 percent, which is
tolerable in practical applications [92, 93]. Furthermore, the model exhibits greater
inaccuracy in its predictions at larger scales, whereas it is relatively accurate at
smaller scales. The existence of this discrepancy could be associated with the low
contrast and less texture present in the larger-scale environment. Errors of the

proposed model are depicted in Table 3.3.
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TABLE 3.3: Errors of the proposed model

Actual Dist(m) Estimated Dist(m) Absolute Err(m) Relative Err(%)

84 75.67 8.33 9.92
78 71.18 6.82 8.74
63 70.81 7.81 12.40
20 43.66 6.34 12.68
41 45.53 4.53 11.05
37 31.91 5.09 13.76
22 19.59 241 10.95
8 8.37 0.37 4.63
Average Err(m) 5.21

TABLE 3.4: Configurations of each monocular depth estimation model

Method Loss
Photometric | Smoothness | Weighted

Monodepth [36] v v X

Monodepth2 [37] v v X

Ours w/o wt v v X

Ours w/ wt v v v

TABLE 3.5: Performance of each monocular depth estimation model
Method Errors Accuracy (%)
Abs Rel | Sq Rel | RMSE | RMSE log || 6 < 1.25 | § < 1.25% | § < 1.253

Monodepth [36] 0.187 1.503 | 6.133 0.25 0.795 0.928 0.969
Monodepth2 [37] 0.174 1.435 | 5.786 0.221 0.831 0.939 0.974
Ours w/o wt 0.182 1.449 | 5.775 0.232 0.828 0.934 0.972
Ours w/ wt 0.149 | 1.219 | 5.246 0.216 0.857 0.941 0.978

To further illustrate the performance of the model, the proposed model is also
evaluated without introducing weight loss, and Table 3.4 reveals the configuration
of each model. In this table, Ours w/ wt represents the model with weighted loss
applied, and Ours w/o wt represents the model without weighted loss applied.
Table 3.5 reveals the estimation results of each model. In this table, better perfor-
mance is characterized by more minor errors and higher accuracy. The results show
that weighted loss positively impacts the training process because the model with

weighted loss owns the lowest error and highest accuracy among the four models.
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Therefore, it can be inferred that after assigning a weight to the loss of shallower
layers in the decoder, which provide less contour information of the depth map,
the total loss function is less contaminated, leading to improved convergence of the

model.

3.3 Conclusion and Discussion

This chapter proposes a self-supervised depth estimation model to forecast the
depth map from datasets captured by UAVs at low altitudes. This model com-
prises depth and pose estimation subnetworks which are trained jointly to fore-
cast depth given a series of monocular images. This model leverages a modified
loss function that weights the different layers’ photometric loss according to their
corresponding resolutions. Subsequently, this model is trained on a low-altitude
UAV dataset, and evaluation results are compared with other self-supervised MDE
models (Monodepth and Monodepth2) to manifest its superiority. The results
demonstrate that the model produces surpassing results by introducing weighted
reconstruction loss. This self-supervised MDE model can contribute to the OD

phase of an ODA system.

In addition to the accuracy of the model prediction, we also considered the per-
formance of the model in terms of other hardware constraints in a comprehensive
manner. Firstly, regarding the lens angle-of-view, in our simulations, the camera
provided by Gazebo captures distortion-free images with a fixed angle of view.
Hence we expect to consider the effect of lens angle of view and distortion on
model performance in future physical experiments without over-considering it in
ideal simulation conditions. Secondly, the camera’s frequency and resolution also
primarily affect the model’s computational speed. Since the UAV processes the
following image input only after executing an evasive maneuver during the subse-
quent obstacle avoidance module, the difference in camera resolution observed in
our simulations mainly impacts computational speed rather than the overall model
performance. Consequently, to optimize computational efficiency, the camera is
configured to capture images at a resolution of 160 x 120 pixels and a frame rate
of 30Hz. Lastly, in terms of computational resource consumption, the proposed
model can achieve inference at approximately 30Hz on the CPU, which is most

feasible to process images in simulated experiments. However, considering that
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practical applications may require real-time inference for more demanding inputs
such as video streams, the model’s performance in physical experiments still re-

quires further validation.

The model proposed in this chapter is capable of providing a priori information to
the OA part. During UAV operations, UAVs will measure the distance between
the airframe and the surrounding environment in real-time by virtue of onboard
sensors (monocular camera) and the proposed model. The nature of the UAV’s
inability to take sharp turns places greater demands on the application of the ODA
system. Hence it is necessary to design a reasonable reaction distance for UAVs
in advance, which is also defined as a minimum turn radius [16]. A minimum
turn radius refers to the minimum distance at which UAVs can make an evasive
maneuver. When the distance between UAVs and the surrounding objects is less
than a minimum turn radius, the OA task is regarded as a failure. UAVs need
to reperform the evasive maneuver. Otherwise, UAVs can maintain their current

heading.

The model proposed in this chapter is trained under a realistic scenario-based
dataset. However, the subsequent OA task in this study is performed in a simu-
lated environment, where the illumination and texture conditions are synthetic and
relatively unrealistic. Some factors in the simulated environment may affect the ac-
curacy of the model’s depth estimation of obstacles, which may require additional

consideration in subsequent studies.

e Blurred Image. Significant rotation or shaking during image capture can
result in blurring of the entire image, leading to a significant reduction in
image structure similarity and potentially resulting in substantial estimation

error.

e Strong illumination source interference or insufficient light. Simulated en-
vironments may differ significantly from real-life circumstances, resulting in
large black areas in the obstacle’s texture that make it difficult to estimate
depth based on color and structural similarity. These areas tend to trigger
significant errors. Furthermore, intense illumination sources, such as direct

illumination of a certain intensity, can also lead to interference.

e Too proximate obstacles. The proposed model performs better in predict-

ing results on small-scale scenarios compared to large-scale ones. However,
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objects that are too close (less than 0.5 m away) may fall out of the imag-
ing range and create outrageous changes in adjacent frames during training,

thereby increasing the learning difficulty.

e Dense or homogeneous objects. When the background is too densely packed
or has a homogeneous color-texture structure, the introduced edge-aware
smoothness loss during training may cause the depth estimation model to
perceive the partially differentiated background as a whole or neglect specific

details.






Chapter 4

Depth Information-Based
Obstacle Avoidance through Deep

Reinforcement Learning

Designing a reactive OA strategy for UAVs leveraging DRL techniques, such as
DQN and its derivatives, is the initial task in this chapter. The approach utilizes
depth images acquired from the model introduced in Chapter 4 and target point
data as input states for the UAV, which are then fed into a policy network. The
network generates a corresponding action stemming from the input, evaluates the
action’s quality through the environment’s feedback, and ultimately constructs a
policy mapping that connects the environment to performed evasive maneuvers
via network training. Subsequently, this chapter builds a simulation platform for
training and validation based on ROS/Gazebo, which contains different obstacle
scenarios and a quadrotor to investigate the viability of the presented OA system.

The main contributions are as follows:

e An end-to-end framework is presented to solve the ODA problem for UAVs,

with limited observation information provided by monocular cameras.

e A DRL-based policy network is designed to complete the direct mapping
between the input depth images and UAV’s action space (linear and angular

velocity).

61
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e A simulation platform, which contains a variety of scenarios and a quadrotor,
is established based on ROS/Gazebo to train the DRL model and validate
the feasibility of the proposed ODA system.

4.1 Methodology

A. Problem Definition

In the case of the OA problem for UAV navigation, the flight strategy must be
determined based on environmental information to ensure safe arrival at the des-
tination. These problems exhibit a common feature where the agent is supposed
to to make a decision and take a feasible action according to the current circum-
stances to achieve its objective. RL [94] is one of the prominent algorithms for an

intelligent agent to perceive the environment and make autonomous decisions.

Figure. 4.1 illustrates a diagrammatic representation of a reinforcement learning
(RL) system, which involves agents possessing perception and behavior capabili-
ties, such as UAVs or autonomous robots. The agent receives observations of the
environment’s state, determines a policy, and carries out an action resting on the
observation. The environment is the scenario in which the interaction with the
intelligent agent occurs. In this study, UAVs observe the environment through
onboard sensors and select the following action in accordance with the observation
information and its policy. After executing the action, the environment rewards
the action and offers a new state for the following phase. Simultaneously, the UAV

updates its policy according to the feedback from the environment.

A 4

Agent
State| |Reward Action
S, R, A,

: R,

<
Cl

\ 4

A

Environment

<
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FIGURE 4.1: Relationship between agent and environment.
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A policy is a mapping relationship between the current status of the environment
and action. Policies are divided into two categories: deterministic and stochastic,
where a deterministic policy outputs the specific action selected, and a stochastic

policy determines actions considering a probability distribution.

A return refers to the feedback that an agent receives as a result of executing
an action. It is generally calculated by pre-determined functions, which define
an evaluation criterion for the goodness of the action. When the agent receives
favorable feedback for an action it performs, it will tend to carry out that action
the next time it encounters a similar situation. Conversely, it will avoid performing
an action that is unfavorable to itself. The agent adapts its policy and gains the
capacity to distinguish between various states through ongoing interactions with
the environment. The primary goal of RL is to discover the best course of action

that maximizes the expected return.

The main objective of this chapter is to address the reactive OA problem of UAVs
by proposing an end-to-end control framework leveraging DRL to enhance the
intelligence of autonomous OA. Figure. 4.2 depicts the reactive OA framework
based on DRL, where the UAV senses the environment by deploying onboard sen-
sors, primarily a monocular camera, to capture environmental information. The
state expression of the environment is then extracted as input to the network, and
through network training, a policy mapping is constructed between the environ-

ment and OA behaviors.

To ensure a safe operation, the UAV must be conscious of all available information
in the external environment, which is defined as the state s. The state refers to
a property related to the environment and benefits the UAV’s navigation. The
state s directly determines the UAV’s action a implementation and reward value r
generation. The action selected affects the observation information obtained by the
UAV, implying that the specific movement options of the UAV result in a change
in its location, direction, observation information, and reward feedback. The UAV
is required to adopt an action counting on the state at each time step ¢ during nav-
igation tasks. Additionally, the action performed in the previous moment impacts
subsequent states and therefore the following decision-making process of the UAV.
Successive state sequences are typically probabilistic considering the performed

action, indicating that autonomous ODA comprises a series of decision-making
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FI1GURE 4.2: Framework of the reactive OA system through DRL.

problems under uncertainty. The overall framework of the proposed ODA system
in this chapter for UAVs is depicted in Fig. 4.3.

Although previous studies have explained that monocular images contain a wealth
of information about the environmental state, onboard monocular cameras only
provide a forward view and are not qualified indicators of the complete state of
the environment. Although depth maps can be inferred from monocular images
leveraging the model proposed in Chapter 4, the decision module of the UAV can
only get one evaluation of the state information and rely on it to select action at the
next moment. Considering the above, this chapter proposes a partially observable
Markov decision process (POMDP) to describe the UAV’s OA problem.

This chapter models UAVs’ end-to-end autonomous OA process as a Markov deci-
sion process. The UAV leverages depth images as its state inputs to the end-to-end
OA system, and the output is a motion control command. After the UAV executes
the corresponding action according to the command, its attitude will change so
that the UAV will enter a new state and be rewarded accordingly, and a time se-
ries (s1,a1,71, S2, @2, o, ..., a;_1, ;) will be generated. Therefore, the autonomous
OA problem for UAVs can be solved by RL-based methods. Meanwhile, since the
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FIGURE 4.3: Framework of the proposed ODA system.

network’s inputs are images, CNNs can be leveraged to extract features from im-
ages and speed up the training process of the network. In summary, DRL methods

can be deployed to tackle UAVs’ autonomous OA problem.
B. Partially Observable Markov Decision Process

The POMDP framework consists of six elements denoted by the tuple (S, A, P, R, 2, O).
S represents the environment state space. A is the action space of the agent that
contains a set of motion commands. P is the state transition model, which indi-
cates the probability distribution of state evolution according to the chosen action,
and can be expressed as P : S x A xS — [0,1]. R is the reward function that
provides immediate feedback on the actions taken by the UAV. For example, if
a UAV avoids an obstacle by choosing an action a in the current state s, it is
considered beneficial, and the reward value is positive. Conversely, if the selected
action results in a collision or goes out of bounds, the corresponding reward value
is negative. () defines the observation space, and an observation o € () reflects
the actual state s. O : S x A x Q — [0, 1] represents the observation probability
distribution based on the state and action spaces. Specifically, at each time step
t, after executing an action a; € A in the current state s; € S, the environment
transitions to a state s, with probability P (s;y1 | S, a;). Then, the UAV obtains

an observation o; € € based on s,,1 with probability P (o | si11, ar)-
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In general, the OA problem can be transformed into an optimal policy-searching
problem, which can be represented as 7* : 2 — A. The optimal policy endows the
UAV capability to adopt an action at each time step ¢ for yielding the maximum
expected value E [ "2 'R (s, a;)] of the cumulative reward value for all moments,

where v € (0,1) is the discount factor.

Defining the sets S, A, 2 and the functions R, P, O is a prerequisite for seeking
the optimal policy. Functions P and O must be established depending on environ-
mental factors, such as wind, turbulence, and the UAV’s dynamics, both of which
are challenging to acquire in real-world scenarios. Since this chapter emphasizes
the OA task for a single agent and UAVs must have the capability to navigate in
unstructured and unknown environments. It mainly works on designing the state
space S, action space A, and reward function R during the problem modeling pro-
cess. For the single UAV, the state space consists of two main parts: depth images
s; generated by the monocular camera combined with the depth estimation model
and the target point coordinates s;. In order to obtain more accurate and richer
observation information, four consecutive depth images are stacked as partial state
space information. In other words, s; contains four adjacent frames of t, t —1, t — 2,

t — 3, and s; is a two-dimensional coordinate.
C. Basic Q-Learning Algorithm

The approach employed in this chapter is derived from the Q-Learning algorithm
[95], which replaces the Q-value table with a deep network. The Q-Learning al-
gorithm proposed by Watkins is a value-based and model-free RL technique that
leverages transient strategies. The iterative process of the algorithm employs the
state-action value function as the estimation function. Value iteration updates all
@ values in each iteration. However, in practical scenarios, it can only operate on a
limited number of samples, as traversing all states and actions is challenging. The
Q-Learning algorithm proposes an approach for updating the Q-value, which can
be defined as:

Q: (St a1) = Qi1 (Sp, a) + [7” (Si, ar) + 7y max (Qe—1 (Spy1,a)) — Qi1 (S, at)] ;
(4.1)
where « is the learning factor, r (S, a;) denotes the reward at moment ¢, v repre-

sents the discount factor.
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FIGURE 4.4: Framework of Q-Learning Algorithm.

It can be concluded from Eq. 4.1 that the value assigned to an element in the @)
matrix can be calculated by adding the value of the corresponding element in the
reward matrix R to the maximum reward value of all possibly executed actions in
the next state, multiplied by the discount factor . Furthermore, When a specific
state is given, a ¢ greedy strategy is leveraged to select the action, and the action

selection strategy is denoted as:

argmax ) (Siy1,a’)  with a probability of 1 — ¢
Q41 = a/ ) (42)
Random Action with a probability of €

where ¢ is the random probability factor for action selection.

The framework of the Q-Learning algorithm is depicted in Fig. 4.4. It indicates
that it is necessary to design the perceptual state s, the action executed a, and

the received reward r, which are leveraged continuously to update the tabular
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Algorithm 3 Basic Q-Learning Algorithm

Input:
a : learning factor
v : discount factor
r: reward function
Sy state space
az: action space
N: number of iterations
0: convergence threshold
Output:
Q(S,a): Convergent action-value estimation function
1: Initialize Q(S,a) to 0, let moment ¢ be 0, set o and =
2: for n in range(V) do
3: Observe S; and select an a; at moment ¢ according to the e greedy strategy

4: Execute a;, calculate r(S;, a;), and observe Sy, at ¢ + 1 moment

5: Select arg max @ (Si41, ar1) based on Sy and Q(S,a) at t moment
at+1

6: Update Q* (St, a;) (Eq. 4.1) and calculate error e = |Q* (St, ar) — Q (St, at)|

& Sy = Si41

8: if e < 0 then

9: return Q(S,a)

10: else

11: continue

12: end if

13: end for

14: return Q(S,a)

Q-function and eventually reach a convergent policy. In summary, based on the
description of the basic Q-learning algorithm, its algorithmic flow is shown in Alg.
3.

D. Deep Q-Learning Algorithm

The basic Q-Learning algorithm can obtain the Q-values of actions by referenc-
ing the table when receiving the current state as input. This algorithm can only
satisfy the case where the state space dimension is small. As the dimensionality
of the state and action spaces increases (e.g., image inputs are high-dimensional
representation information), the utilization of tables cannot record Q-values for all
states, and dimensional disaster is prone to occur, thus reducing the accuracy and
safety of control. The Deep Q-Learning (DQN) algorithm [96] is a variation of
the traditional Q-Learning algorithm, which differs in the following three aspects.

Firstly, it employs a deep CNN to estimate the action-value function. Secondly, it
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leverages the experience replay mechanism to train the model. Finally, it indepen-
dently sets up a target network to handle the temporal difference (TD) error. Fig.
4.5 below depicts the flow of the DQN algorithm.

DQN Loss Function
L :(r+ymaxa Q(s',a';é”)—Q(s,a;@))2
Action Selection i
argmax,, O(s, a; 0) Backpropagation O(s,a:0) o Q(s a"e’)
a

Environment Predict Net

Target Net

v v J

O(a) O(a)| O(a,)

Copy Parameter
Every ¢ Time Step
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Input(s) (a) Input(s") (r)
(r,s) Experience Replay Pool |
(suaurss |

FIGURE 4.5: Flowchart of Deep Q-Learning Algorithm.

A collection of basis functions and their accompanying parameters are multiplied
to estimate the action-value function leveraging linear approximation. The DQN
network, in contrast, deploys a nonlinear approximation strategy and a neural net-
work to approximate the action-value function. The action-value function is writ-
ten as (s, a;0), and the parameters corresponding to it are the network weights,

indicated by @ in this chapter.

The experience replay mechanism of DQN is akin to human memory, where op-
timal strategies are learned by summarizing experiences from memories. It is ac-
complished by storing samples obtained from each agent’s interaction with the
environment in an experience pool, from which a random set of samples is chosen
for training. The motivation for introducing the experience replay mechanism is
that DL requires samples to be independent of each other, while the before and
after states of agents in RL are correlated. The strong correlation between train-
ing samples may result in failures. By randomly selecting samples, the experience
replay mechanism can effectively break the correlation between data, resulting in

more stable training.
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Algorithm 4 Deep Q-Learning Algorithm

Input:
f(s;0): deep CNN
Mem: buffer memory
M: iteration episodes
~ discount factor
0: network parameters of the predict net
0~ network parameters of the target net
Output:
0; network parameters
1: Preset buffer memory Mem to capacity N
2: Preset f(s;6) with randomly initialized weights
3: for episode =1 to M do
4: Initialize the perceptual state si, calculate the Q-value f(s1;0)

5: fort=1toT do

6: if Random number < € then

7 Perform a random action a;

8: else

9: Perform action a; = argmax,, f(s;, a;0)

10: end if

11: Perform action ay, yield feedback reward r; and acquire s;1

12: Add transition (s;, as, ¢, S¢41) to Mem as a sequence

13: Randomly draw n sequences (s;,a;,7;, Sj+1) from Mem

14: Calculate y; = { " , for terminal Syt
r; +ymaxy f(sj+1,a’;60) for non-terminal s;44

Execute a gradient descent on (y; — f (s, a;;0)) with the set batch size
15: Update 6

16: Update 6~ every t step
17: end for
18: end for

When the action-value function is approximated leveraging a neural network, the

parameter 6 is updated at each iteration through the gradient descent method:
01 =0+ a|r+ymaxQ(s',d’,0) — Q(s,a, 9)] VQ(s,a,0), (4.3)

where r +ymax, Q (s, d’, ) refers to the TD target. When calculating the action-
value function of the TD target, the parameters leveraged are identical to those
leveraged to calculate the approximation function. There is instability in training
due to the correlation between data. To solve this issue, the DQN algorithm defines
the parameters for the TD target as 6, which are updated after a fixed number

of steps. On the other hand, the parameters for the approximated function are
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denoted as ¢ and updated after each iteration. Therefore, the update process of

the action-value function can be expressed as:

O =0+ |r+ 'ymCzLxXQ (s,d',07) — Q(s,a, 9)] VQ(s,a,0). (4.4)

The neural network in the DQN algorithm is trained deploying target QQ values
as labeled data. The loss function measures the discrepancy between predicted
outputs and labeled samples, and the aim of the training is to optimize this loss

value. The loss function of DQN is formulated as:

L(w)=FE [(T +ymax @ (s',a’,07) — Q(s, a, 9))2} . (4.5)

Alg. 4 illustrates the DQN algorithm, which primarily establishes the mapping
between the UAVs’ continuous perception state and discrete decision actions. The
algorithm takes the image captured by the UAV as input, utilizes deep CNN to
reduce its dimensionality, and fits the action-value function to obtain the optimal

Q-policy value for selecting the optimal evasive actions.
E. Double Deep Q-Learning Algorithm

The DQN method employs the Q-Learning framework, however, it still has boot-
strapping, which is a flaw in the Q-Learning algorithm itself. In bootstrapping, the
projected value function is greater than the actual value function. This problem is
mostly caused by the maximizing operation used in the Q-Learning technique to
update the value function. If the same magnitude consistently overestimates the
value function at every point, the ideal strategy stays the same. But, in practice,
the bootstrapping is not consistent, which results in an inferior approach rather
than an excellent one. The ultimate goal of RL is to find the best possible policy,
therefore even an exaggerated value function is not supposed to have an impact on

the outcome.

The Double DQN (DDQN) [97] algorithm aims to address the bootstrapping issue
in the DQN algorithm, as illustrated in the flowchart in Fig .5 and detailed in Alg
.5. The key step in DDQN is the split of action selection and evaluation for target

Q-value calculation, which is performed using separate Q-value networks. In the



72 4.1. Methodology
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FIGURE 4.6: Flowchart of Double Depp Q-Learning Algorithm.

DQN algorithm, the target Q-value is calculated as shown below:

r+ymax@Q (s, a;67). (4.6)

The approach taken by the DDQN algorithm to determine the maximum Q-value
for each action in the target Q-network is dissimilar. Firstly, it identifies the action
that corresponds to the maximum Q-value in the current Q-network using the
following method:

amax = argmax, Q (s',ad’;0). (4.7)

After selecting this action, it is leveraged in the target network to calculate the

target Q-value, which can be expressed as:

r+7Q (s, argmax, Q (s',a’;0);07) . (4.8)
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Algorithm 5 Double Deep Q-Learning Algorithm

Input:
f(s;0): deep CNN
0: network parameters of the predict net
6~ : network parameters of the target net
Mem: buffer memory
M: iteration episodes
v discount factor
Output:
0; network parameters
1: Preset buffer memory Mem to capacity N
2: Preset f(s;0) with randomly initialized weights
3: for episode =1 to M do

4: Initialize the perceptual state si, calculate the Q-value f(s1;0)
5: fort=1to T do
6: if Random number < ¢ then
7: Perform a random action a;
8: else
9: Perform action a; = argmax, f(s;, a;0)
10: end if
11: Perform action a;, yield feedback reward r; and acquire s;4q
12: Add transition (g, ay, ¢, S¢41) to Mem as a sequence
13: Randomly draw n sequences (s;,a;, 7, Sj+1) from Mem
. oy for terminal s;q
14 Caleulate y; = { r; +ymax, f (sj+1, argmax, f (sj41,a’;60);07) else

Exccute a gradient descent on (y; — f (s;,a;;0))” with the set batch size
15: Update 6

16: Update 6~ every t step
17: end for
18: end for

F. Dueling Deep Q-Learning Algorithm

For many vision-based DRL tasks, the value functions of various state-action pairs
are distinct. However, for some states, the magnitude of the value function is
independent of the action taken. Based on this observation, Ref. [98] proposed
a dueling network structure as a DQN model, as illustrated in Fig. 4.7. The
first network model is the classical DQN structure, while the second model is a
dueling network structure that bifurcates the abstract features extracted from the
convolutional layer into two branches. The state-value function, which expresses
the value of the environment’s static state, is represented by the top path. The

state-dependent action-advantage function, on the other hand, is represented by
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the lower route and indicates the added value delivered by choosing a certain action.

The Q-value of each action is then calculated by reintegrating these two routes.

:FT?:? Q-Value

(a) Schematic diagram of DQN algorithm.

v(s)

S

A(a)

(b) Schematic diagram of Dueling DQN algorithm.

FI1GURE 4.7: Comparison of DQN and Dueling DQN algorithms.

The Dueling DQN consists of two fully connected layers, one for estimating the
state-value function and the other for estimating the action-advantage function.
The state value function is denoted as v(s; 6, 8), the action dominance function is
denoted as A(s,a;60,a), and the Q value is the sum of the state value and action
advantage:

Q(s,a) =v(s;0,8) + A(s,a;0, ), (4.9)

where 0, 3, and « correspond to the parameters of the convolutional layer and
two-branch fully connected layers, respectively. In practice, the action advantage
function is generally set to the difference between the individual action advantage
function and the average of all action advantage functions in a state. It helps
maintain the relative ordering of the advantage functions for each action in that
state, narrows the range of Q-values, reduces the redundancy of the degrees of

freedom, and improves the algorithm’s stability. The equation can be depicted as
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Algorithm 6 Dueling Deep Q-Learning Algorithm

Input:

f(s;0): deep CNN

0: network parameters of the predict net
6~ : network parameters of the target net
Mem: buffer memory

M: iteration episodes

v discount factor

Output:

0; network parameters

1: Preset buffer memory Mem to capacity N

2: Preset f(s;0) with randomly initialized weights

3: for episode =1 to M do

4: Initialize the perceptual state s, calculate the Q-value f(s1;6) via dueling

network

5: fort=1to T do

6: if Random number < ¢ then

7: Perform a random action a,

8: else

9: Perform action a; = argmax, f(s¢, a;0)

10: end if

11: Perform action a;, yield feedback reward r; and acquire s;41

12: Add transition (g, as, ¢, S¢41) to Mem as a sequence

13: Randomly draw n sequences (s;,a;j,7;,Sj11) from Mem

T for terminal s,
1 Set y; = { rj- + ymax, f (sj41,argmax, f (s;+1,a’;60);07) else ’
Execute a gradient descent on (y; — f (s;,a;;6))” with the set batch size

15: Update 6

16: Update 6~ every t step

17: end for

18: end for
follows:

Q(s,a) =v(s;0,8) + (A(S,@;@,oz) — @ ZA (s,a’; 0,a)> .

(4.10)

F. End-To-End Obstacle Avoidance Modeling Based on Depth Images

The problem to be solved in this chapter can be modeled as a POMDP to achieve

autonomous OA based on depth images through DRL. The approach is considered

end-to-end as it does not require intermediate steps, such as building a map. It

can output direct command-level actions by taking depth images and target point
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information as inputs. The algorithm can update and optimize its strategy based
on the feedback obtained after executing the corresponding action and getting new
images from the environment, until it learns the optimal strategy to reach the

destination. Details of the modeling are shown below.
i. State Space Definition

The issue of autonomous OA in an unexplored environment can be depicted as:

vy = f (zg, my) . (4.11)

The mapping function f that the DRL network seeks takes the following inputs:

(1) Image information x;: Perceiving the surrounding environment for memoriza-
tion and OA. This chapter leverages a monocular RGB camera installed on the UAV
in the virtual simulation environment as the onboard sensor to estimate depth from
captured images. Specifically, the state inputs include a stack of four continuous
frames from the camera, which consist of images captured after four consecutive

performed evasive maneuvers.

(2) Target Information m;: Specifying the destination point and directing UAV’s

motions.

Obtaining the location information of both the UAV and the destination is crucial
for autonomous navigation, alongside sensing obstacle proximity. In Fig. 4.8,
an array |vy,wy, dy, 0;] shows the relative position information between the UAV
and the destination. The UAV’s linear and angular velocity at the moment ¢ are
represented by v; and wy, respectively, while d; denotes the distance of the UAV
relative to the desired goal at ¢ moment. The value of 0 refers to the deviation
between the UAV’s yaw angle and the angle formed by the line connecting the UAV
and the desired goal concerning the z-axis coordinate system. The UAV’s relative
yaw angle 6 and distance d; to the desired target determine the goal information.
This information enables the UAVs to navigate toward the target direction once

they are trained.
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FIGURE 4.8: Information about the UAV’s position relative to the destination.

ii. Action Space Definition

The action space in DQN and its extended algorithms consists of discrete sequences
of actions, as illustrated in Table 4.1. This chapter sets a constant flight altitude
and linear velocity of 0.5 m/s for the UAV. The algorithm’s output governs the
UAV’s angular velocity or the yaw angle to control the UAV’s flight direction.

TABLE 4.1: Action Space Definition

Action Number Linear Velocity Angular Velocity

0 0.5 m/s —m/4 rad/s
1 0.5 m/s —m/8 rad/s
2 0.5 m/s 0 rad/s

3 0.5 m/s 7/8 rad/s
4 0.5 m/s 7/4 rad/s
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iii. Design of Reward Function

The reward function for the OA problem in this chapter is outlined in Table 4.2.
If the UAV comes within 0.5 m of an obstacle, it is recognized as colliding with it
and receives a reward of —100. Similarly, It also receives a reward of —100 if it
flies out of the designated area. However, reaching the destination yields a reward
of 1000. Additionally, executing an action results in a reward of 10 x (d;_; — dy).
A positive value is assigned if the action results in decreasing the distance between
the UAV and the desired goal. A penalty of —0.2 is imposed on each action
performed to incentivize the UAV to reach the destination through the shortest

possible trajectory while avoiding obstacles.

TABLE 4.2: Reward Function

Scenario Reward
Within 0.5 m of an obstacle -100
For each action performed 10 x (d;_; — d;) — 0.2
Within 1 m of the target 1000
Out of bounds -100

iv. Network Architecture

Low-dimensional target and movement information are often obscured by high-
dimensional images. Therefore, it is necessary to pre-process high-dimensional
images. In this chapter, image features are extracted leveraging CNNs first, and
then the low-dimensional image features are fed into the decision layer together
with other information. Initially, the inputs are four stacked consecutive depth
images with the dimension of 160 x 120. Subsequently, four convolutional layers
are leveraged to extract image features. The first convolutional layer’s kernel size,
stride, and output channels are 8 x 6, 8 x 8, and 32, respectively. Thereby the first
layer’s output dimension is 20 x 15 x 32. Similarly, the output dimension of the
following layers are 7 x 5 x 64, 4 x 3 x 64, and 2 x 2 x 64, respectively. Eventually,
image features and information about the desired destination are integrated as the
input to the network. The overall framework of the end-to-end autonomous OA
strategy is depicted in Fig. 4.9, and the architecture of the decision-making module

is presented in Fig. 4.10.

The initial four layers of the above-described end-to-end network are in charge

of receiving observable visual elements from the incoming data and extracting
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FIGURE 4.9: Information about the UAV’s position relative to the target point.
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FIGURE 4.10: Information about the UAV’s position relative to the target point.

features. During training, these layers’ parameters are updated along with the two
fully connected layers, considerably increasing the experience required to carry out

OA tasks in the environment.

Table 4.3 depicts the algorithm’s parameter configuration. The maximum number
of training iterations is 15000, with a limit of 80 steps per episode, indicating that
the current episode will terminate when the step count surpasses this limit, with no
further penalty incurred. The learning rate of the network is 0.0001, with a Q-value
discount factor v of 0.99, and the greedy strategy termination parameter is 0.1.
The € parameter in the € greedy method reduces linearly from an initial value of

1.0 based on the number of training steps, with a training step timestep = 10000.
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1.0

E=— ———.
timestep

TABLE 4.3: Network Parameter Configuration.

(4.12)

Paramater Value

Discount Factor 0.99
Learning Rate 0.0001

Greedy Policy Termination Parameter 0.1
Maximum Training Episode 15000
Experience Pool Size 60000

Maximum Training Step 80

Batch Size 64

Number of Stacked Frames 4

G. Simulation Environment

FIGURE 4.11: Quadrotor leveraged for simulation experiment.

This chapter builds simulation scenarios for training and validation based on Gaze-

bo/Ros. Gazebo is an open-source 3D simulation software widely deployed in

robotics research and education. It permits users to build and simulate complex

scenarios involving robots, their environment, sensors, actuators, and physics-based

models. Gazebo offers a high-fidelity simulation environment that enables engi-

neers and researchers to test and validate their algorithms and systems in a secure,

cost-effective, and repeatable manner. It supports various sensors and platforms,
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including UAVs, ground robots, and manipulators, and can interface with various

programming languages and tools like Robot Operating System (ROS).

The UAV in this chapter is set to fly at a fixed altitude, which makes the simulation
scenarios two-dimensional. In this section, several scenarios are designed for model
training and validation. Scenarios deployed for training are depicted in Fig. 4.13,
which consists of walls and cylindrical obstacles. The scene’s dimensions are 15m x
30m. The objective of the UAV is to start from one end of the scene and reach
the other end. If the UAV successfully reaches the end or collides along the way,
it is reset to the starting point to reperform the task. The small-scale scenario is

relatively narrow and crowded, making it challenging for the UAV to perform the
OA task.

Gazebo is a powerful simulation environment for drones, which relies on different
ROS nodes to simulate the movement patterns of the UAV. These nodes can be
assigned to various components, such as the onboard camera and the flight control
module. During the simulated flight, these nodes generate corresponding ROS top-
ics and can publish and subscribe data to each other. For instance, the camera node
may publish received observations of the surroundings. The flight control module
may subscribe to the data published by the camera to adjust its current velocity
and orientation accordingly. By exchanging data in this way, the different nodes

cooperate together to complete the simulated flight in the virtual environment.

To illustrate the operation of Gazebo, Fig. 4.12 shows the ROS nodes and ROS
topics included in the virtual environment created in this chapter. These nodes
and topics enable the UAV to interact with the simulated environment, rendering
it a valuable tool for developing and validating UAV applications. Here, /gazebo
is mainly responsible for providing kinematic and dynamic parameters of various
objects, /command/motor is in charge of publishing commands to control the
motor operation, /motor/status handles feeding the current engine parameters
to Gazebo, / front_cam/camera/image publishes images captured by the camera,
and /cmd_vel facilitates to adjust the UAV’s movement status. These topics and
nodes work in coordination to regulate the motion of the UAV in a close-loop

manner.
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FIGURE 4.12: Relationship of ROS nodes.

4.2 Simulation Results

In this chapter, a depth estimation model is utilized to anticipate the depth of RGB
images captured by monocular cameras in order to achieve environment perception.
The simulated scenario includes a wall, several cylindrical columns, and a low-
contrast background, and the outcomes of the depth prediction are illustrated in
Fig. 4.14.

It can be concluded that the model is capable of accurately perceiving the proximity
of obstacles when they are nearby, as shown in (a) and (b), but its performance
may be compromised in certain situations, such as (¢). As the UAV’s sensing range
is limited, the model struggles to generate precise depth maps and detect obstacles
when the obstacles are far away and the background lacks texture and contrast.
Since distant obstacles have little impact on the UAV’s safe flight, this limitation
of the model can be tolerated, and the depth maps it produces are suitable for OA
tasks in relatively sparsely large-scale regions (compared with small-scale populated

scenarios such as urban streets).

Once the depth map is obtained, it is possible to combine it with the UAV location
information to train the neural network and generate a hazard-free flight trajectory.
During training, the cumulative reward obtained in each episode is an important
metric for evaluating the model’s performance. To compare the performance of the

three algorithms, this chapter records the cumulative reward during the training
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(a) Top view of the scenario.

(b) Front view of the scenario.

FIGURE 4.13: Simulation scenario built in Gazebo.
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RGB Image Depth Image
(a)

-

FIGURE 4.14: Results of depth estimation based on the simulated environment.

of each of the three algorithms and summarizes their results in one figure for com-
parative analysis, as shown in the following figures. Figures. 4.15, 4.16, and 4.17
show the cumulative rewards after 15000 training episodes for DQN, Double DQN,
and Dueling DQN algorithms, where the solid lines represent the mean rewards
values within a specific window, and the shaded areas illustrate the distribution of

rewards around these mean values.

The convergence behavior of three algorithms, namely DQN, Double DQN, and
Dueling DQN, has been investigated by analyzing their reward curves. Generally,

all three algorithms exhibit an upward trend in the reward curves. Specifically, the
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DQN algorithm requires approximately 3000 training episodes to converge gradu-
ally and stabilize after approximately 8000 episodes. Similarly, the Double DQN
algorithm displays gradual convergence after about 1000 episodes, and stabiliza-
tion occurs after about 3000 episodes. In contrast, the Dueling DQN algorithm
takes roughly 2000 episodes to converge gradually and stabilizes after about 3000

episodes. A comparison of these three algorithms is presented in Fig. 4.18.

Upon comparing these algorithms, it can be observed that the DQN algorithm ex-
hibits the slowest convergence speed. The average reward within a specific window
stabilizes between 700 and 800, basically the same as the Double DQN algorithm,
lower than the Dueling DQN algorithm. Although the Double DQN algorithm’s
average reward also stabilizes between 700 and 800, it converges fastest among the
three algorithms, which is attributed to the solved bootstrapping issue. In compar-
ison, the Dueling DQN algorithm converges almost as promptly as Double DQN,
with a negligible difference in convergence speed. However, it performs the best
among the three algorithms, with the average reward finally stabilizing at around

800, nearly 8 percent higher than the other two algorithms.

Overall, these results indicate that the Dueling DQN algorithm comprehensively
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FIGURE 4.15: Reward curve of DQN algorithm.
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FIGURE 4.16: Reward curve of Double DQN algorithm.

Reward Curve of Dueling DQN
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FIGURE 4.17: Reward curve of Dueling DQN algorithm.
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Comparison Result of Reward Curve
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FIGURE 4.18: Reward curve comparison of DQN, Double DQN, and Dueling
DQN.

outperforms the other two algorithms, considering the average reward and con-
vergence speed. The Double DQN algorithm also performs reasonably well and
converges faster than DQN.

The reward curve serves as a crucial indicator during the training process. Once
the model is trained, its capability to generate collision-free trajectories is assessed
through multiple scenarios in the validation process. The success rate of such
flights is recorded, and the flight trajectory is plotted to compare the performance
differences between different models. This chapter presents the validation results
for three alternate simulated environments: a scenario with random obstacle initial
point locations, a crowded scenario with a regular and neat arrangement, and a
horizontal scenario with a more consistent and concentrated arrangement. Flight
trajectories corresponding to these three scenarios are depicted in Figs. 4.19, 4.20,

and 4.21, respectively.

This chapter conducts 100 validation flights for each of the three scenarios, record-

ing a flight as successful when it reaches the target point without collision. The
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success rate of OA, action command generation frequency, and the average number
of steps required to complete the flight are recorded as performance indicators and
presented in Table 4.4, Table 4.5, and Table 4.6.

The figures reveal that the three algorithms generate similar collision-free trajec-
tories for scene-crowded and scene-horizontal. Notably, in scene-crowded, all three
algorithms opt to navigate through narrow obstacles rather than bypassing them.
This suggests that the action execution penalty introduced to minimize the num-
ber of UAV movement steps enables it to select a more optimal path to reach the
target point. For scene-random, each algorithm generates a different path, but
the differences are mainly related to the selection of steering direction when facing
an obstacle directly ahead. Since turning left or right can be viewed as symmet-
ric selections, the three trajectories can be considered essentially similar, with no

significant differences.

The tables reveal that the success rates of all three algorithms for different scenarios
range between 70 and 80 percent, which is consistent with the average reward sta-
bilizing around 800 during training. Notably, the Dueling DQN algorithm achieved
the highest success rate among the three algorithms, as well as the shortest average
number of steps required to complete a flight. This result can be attributed to the
fact that the action-advantage function leveraged in the Dueling DQN algorithm
better distinguishes between the rewards generated by the current state and the
available actions, enabling it to select the better optimal action in a given sce-
nario more effectively than the other two algorithms. Although the Dueling DQN
algorithm generates action commands slightly less frequently than the other two
algorithms, this has minimal impact on the UAV application scenario, which is less
densely populated with obstacles than the unmanned vehicle application scenario,

leading to a slight frequency of action command generation acceptable.

Although DRL approaches can learn navigation and OA strategies under condi-
tional constraints, they also suffer two limitations. The first limitation is that MDE
is subject to severe inaccuracies when the underlying assumptions are violated or
when there are significant deviations in scene features. This can significantly im-
pact the success rate of the UAV OA. The second limitation arises from the policy
model resting on gradient optimization and reward forward propagation, which

results in limited perceptual time memory.
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(a) Top view of the scenario.
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FI1GURE 4.19: Collision-free trajectory of scene-random.
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(a) Top view of the scenario.
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Fi1GURE 4.20: Collision-free trajectory of scene-crowded.
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(a) Top view of the scenario.
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(b) Collision-free trejectory.

F1cUrE 4.21: Collision-free trajectory of scene-horizontal.
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In some regions, such as recessed areas depicted in Fig. 4.21(a), the negative re-
ward of an obstacle cannot be forward transmitted out, or the UAV step is too
small to escape within a limited number of times. In such cases, the UAV can-
not get out after entering the area. Better methods to solve this problem include
long-term memory, comprehensive map modeling, and retraining a more appropri-
ate RL policy model for the scenario. However, these methods are challenging to
implement in practical small-scale real-time OA. The idea of simulated annealing
can help jump out of the local optimal region by increasing the chance of random
exploration. However, the long-term exploration of feasible path behavior is im-
practical in terms of energy consumption. Therefore, when trapped in the optimal
region, leveraging the policy-based temporary goal method is prone to increase the

possibility of the UAV escaping from the local optimal region.

TABLE 4.4: Obstacle Avoidance Performance in Scene-Random

Indicator
Algorithm Success Rate (%) Frequency (HZ) Average Steps

DQN 7 33 69
Double DQN 79 33 67
Dueling DQN 82 31 64

TABLE 4.5: Obstacle Avoidance Performance in Scene-Crowded

Indicator
m Success Rate (%) Frequency (HZ) Average Steps

DQN 72 33 77
Double DQN 73 33 76
Dueling DQN 7 31 74

When the UAV hovers in a particular area for a long time, and it is determined
that there is no path to move forward to the target, it is considered to be caught in
a local optimal area. However, consecutive depth perceptions can provide hidden

escape information. In this case, a temporary target point is selected relying on the
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TABLE 4.6: Obstacle Avoidance Performance in Scene-Horizontal

Indicator
m Success Rate (%) Frequency (HZ) Average Steps

DQN 79 33 87
Double DQN 80 33 86
Dueling DQN 84 31 83

behavior value of the policy network, ranging from 60 to 90 degrees on either side
of a straight line perpendicular to the desired destination and UAV’s position, after
which it is reset back to the original desired destination after a random duration
T, which is related to the size of the area to be escaped. This method may help

alleviate the issue of UAVs being trapped in recessed areas.

4.3 Conclusion and Discussion

This chapter introduces a depth image-based OA system that differs from conven-
tional methods by not relying on pre-existing maps or models to generate collision-
free trajectories. Instead, the system leverages a neural network to model the
nonlinear mapping between depth map input and UAV motion commands. Ad-
ditionally, the chapter presents an RL-based approach for the agent to gradually
learn to avoid obstacles through the trial-and-error process rather than depending
on pre-calculated collision-free trajectories. This approach results in a system with
lower computational requirements, improved generalization, and better adaptabil-

ity to pop-out obstacles.

This chapter provides a focused analysis of the UAV OA problem, with an emphasis
on mapping continuous state inputs to discrete action outputs. To achieve this, this
chapter employs three value-based algorithms (DQN, Double DQN, and Dueling
DQN) to model the action-value function. These algorithms score all possible
functions to be executed in the current state and subsequently output the action
with the highest value. If the UAV continues to execute the actions with the highest
value, these action sequences can form a collision-free flight trajectory that leads
to the endpoint. Furthermore, to validate the proposed model, the chapter creates

three different scenarios deploying Gazebo. The results demonstrate that all three
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algorithms have the potential to facilitate the UAV to complete the OA task with
a probability of nearly 80 percent. This success suggests that the proposed model

has some degree of feasibility and transferability.

The models proposed in this chapter have been validated only in a simulated en-
vironment, and their sim-to-real capabilities cannot be established due to the sig-
nificant gap between the two environments. For instance, simulated environments
offer relatively stable illumination and climate conditions, resulting in seldom dis-
ruptions to the camera inputs. In contrast, the real environment is subject to
unpredictable climate and illumination variations, rendering the model trained in
a stable simulated environment inapplicable to real-life scenarios. Furthermore,
the UAV’s dynamics control model in the simulated environment is more stable
and less affected by external disturbances. However, the UAV’s motion is fre-
quently affected by external factors such as intense turbulence, which can lead to
abrupt changes in its motion state, causing image distortion and excessive occlu-
sion, thereby significantly affecting its real-time OA capability. Additionally, while
this chapter only considers OA in static environments, dynamic obstacles in prac-
tical applications cannot be ignored. Future research should focus on improving

the UAV’s sim-to-real capabilities and handling dynamic obstacles.



Chapter 5

Conslusion and Future Work

This study proposes a system that enables UAVs to recognize and avoid obstacles
by leveraging learning-based monocular vision. The process of automatic naviga-
tion for UAVs is divided into two phases: OD and OA. OD involves observing the
surrounding environment through an onboard monocular camera and detecting ap-
proaching obstacles. OA involves utilizing RGB images obtained from the camera
to execute avoidance maneuvers that facilitate the UAV to reach the target point
while circumventing obstacles. The study provides a comprehensive theoretical
design and simulation verification of the automatic navigation system, covering

introductory and theoretical knowledge, experiment design, and results analysis.

By successfully developing a functional autonomous navigation system that relies
on monocular vision, this study lays the foundation for future research to build
upon. Initially, the model presented in this study has been verified solely in a sim-
ulated environment, and their capability to transfer to real-world scenarios cannot
be established due to the substantial divergence between the two settings. Simu-
lated environments provide relatively stable illumination and weather conditions,
resulting in minimal disruptions to the camera inputs. Conversely, real-world con-
ditions are unpredictable, with variations in weather and illumination that render
the models trained in a stable simulated environment inadequate for real-world
applications. Moreover, the UAV’s dynamics control model in the simulated envi-
ronment is more stable and less susceptible to external disturbances. However, the

UAV’s motion in actual scenarios is frequently impacted by external factors such as
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turbulence, which can lead to sudden modifications in its motion state, causing im-
age distortion and excessive occlusion, thereby significantly impacting its real-time
OA capability. Therefore, conducting physical flight experiments is an essential
aspect of future work. Specifically, the trained model will be deployed to transmit
control signals to the UAV’s flight control module. The model’s performance will
be further validated by examining the UAV’s OA capacity in a real environment.
Furthermore, it is crucial to overcome the issue of reducing the sim-to-real gap
in UAV navigation as part of future research efforts. By narrowing this gap, the
applicability of UAVs in real-world scenarios can be significantly enhanced. Given
the intricate nature of an actual UAV navigation system, addressing key chal-
lenges such as reducing motor response time, optimizing battery consumption, and
improving OA capabilities in three-dimensional space are pressing concerns that
require immediate attention. Although it is acknowledged that definitive solutions
to these issues have not been provided in this study, extensive investigation of re-
cent advancements in these research areas has been undertaken through References

92, 99-101], which serve as a catalyst for conducting further research.

Afterward, future research should focus on developing automatic navigation sys-
tems to better adapt the model’s performance to dynamic obstacles in real environ-
ments. With the complexity of the modern urban airspace environment, pop-out
obstacles may appear in the original collision-free flight trajectory of the UAV,
causing it challenging for the original self-navigation system based on static en-
vironment training to handle these situations. Therefore, there is a demand to
improve the capacity of UAVs to cope with dynamic obstacles. Additionally, au-
tomatic navigation systems for fleets present a promising avenue of research to
cater to the growing UAV application scenarios. It entails devising resolutions to
acquire positional information of surrounding environments and other UAVs in the
fleet from visual inputs to accomplish OA tasks while preserving the position fleet
formation. This field of study holds immense potential in sectors like cargo trans-
portation, but it also poses significant challenges that warrant further exploration

originating from this study.



Appendix A

Preliminary for Chapter 3

A.1 Image-Forming Principle

The imaging principle refers to the scientific concept behind the formation of images
by capturing light from an object and transforming it into an image that can be
perceived by the human eye or captured by an imaging device. The foundation of
the imaging principle is the interaction of light with objects, which produces an
image. Specifically, light enters the lens of an imaging device, passes through the
aperture, and reaches the image sensor, where it is transformed into an electrical

signal, which is then processed to form the final image.

A geometric model may be used to explain how the camera converts coordinate
points in the three-dimensional environment (measured in meters) into pixels in
the two-dimensional picture plane. The simplest model, known as the pinhole
model, depicts the connection between the light beam that goes through a pinhole
and the image that is projected on the rear of the pinhole. This study selects a
straightforward pinhole camera model to structure this mapping relationship. The
modeling process can be depicted in Fig. A.1(a). Consider the camera coordinate
system as O, — X, — Y. — Z., where O, represents the camera’s optical center or
the pinhole. Let P be a real-world spatial point, which after projecting through
the optical center O,, falls on the physical imaging plane o — x — y, resulting in
the imaging point p. The spatial coordinates of P are denoted as [X., Y., Z.], and
the coordinates of p as [z,y, z]. The physical imaging plane is assumed to be at a

distance of f (focal length) from O,.. According to the triangle similarity relation
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A.1. Image-Forming Principle

PX.. Y., Z)

B

/i

(b) Diagram of similar triangle.

F1GURE A.1: Schematic diagram of camera imaging principle.
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in Fig. A.1(b), the scaling relationship between camera coordinates and imaging
coordinates can be obtained. Equation. A.1 omits the minus sign because it is equal
to placing the imaging plane symmetrically in front of the camera. Removing the
minus sign makes the formula more straightforward and allows for a more realistic

model to be created.

Ze X Y. A1)
oy

To describe how the sensor transforms the sensed light into picture pixels, the
results on the imaging plane must be sampled and quantized because the final
outputs of the camera are pixels. Let o — u — v be a pixel plane fixed on the
physical plane, and let [u,v] denote the pixel coordinates of the projection point
p. The pixel plane is usually translated and scaled with respect to the imaging
plane. The relationship between the two planes is shown in Fig. A.2. The scaling
factors for the u- and v-axis are denoted by « and [, respectively, and the origin
is translated by [cx,cy]. Therefore, the mapping between the coordinates of the

spatial point P and the pixel coordinates [u, v] can be expressed as Eq. A.2, where
fo=af and f, = Bf.
= f Xe
{u Jo o +ce (A2)

— £ X
V= yZ—i-cy

Equation. A.2 can be written in matrix form, and the pixel coordinates can be
written as homogeneous coordinates. The final expression is shown in Eq. A.3,
where K represents the camera intrinsics, which is an inherent parameter matrix

of the camera and is considered to remain unchanged after being produced.

1
vol=5 0 f, ¢ Y. = —KP. (A.3)
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FIGURE A.2: Diagram of the relationship between the imaging and pixel plane.

This study draws inspiration from traditional stereo matching techniques, which
rely on left and right images to determine depth values [102], to propose self-
supervised learning depth estimation methods. As shown in Fig. A.3, the conven-
tional stereo-based approaches utilize two cameras with optical centers Oy, and Og,
respectively. A point P in the real world is projected onto the imaging planes of the
left and right cameras as P;, and Pg, respectively. The left-right image disparity
at P is calculated as D = X — Xg, where X and Xp are the distances of P, and
Pr from the left edge of the imaging plane, respectively. The baseline distance B
between the optical centers and the focal length f are also depicted. The depth
d of point P is the distance from P to the baseline. These principles serve as the

foundation for the self-supervised MDE techniques proposed in this study.

Let the length of the left and right imaging planes be [. Similar triangle relationship
can be obtained from APP;Pr ~ APO;Og:

d—f  PrPr
= A4
hence: 5 (X 1) (l ¥ )
d—f A ) Bl C R
- A.
simplify Eq. A.5 to get: B
g BxJ (A.6)

>
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The derivation process above indicates that the object depth and disparity have
an inverse relationship when the camera’s baseline and focal length parameters
are known. With the disparity map, the left view can be obtained from the right
view through mapping in the stereo images, and the image reconstruction can be

completed.

Similar to the approaches based on stereo pair-wise images, the presented self-
supervised model is trained with a monocular sequence and tested on a single
image. Specifically, after obtaining the depth map and transformation matrix
between adjacent frames, all pixel points on the current frame can be reprojected
onto its adjacent frames, which is also defined as the warping process. The pixel

coordinates of p,_; can be acquired using through

P, ~KT,,, 1D, (P,)K'P,, (A7)

where I,, denote the current frame and P, be a pixel on it, while P,_; corresponds
to the matching pixel on the previous frame I,,_;. The internal parameter of the
camera is represented by the constant matrix K. 7, ,,_1 denotes the self-movement
matrix between I, ; and I,,. Additionally, D, (P,) represents the depth value at
the pixel P,.

Fi1GURE A.3: The fundamental idea behind stereo matching techniques for depth
estimation, where I, and Ir are stereo pictures acquired in pairs by the left and
right cameras, respectively.
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A.2 Multilayer Perceptron

An MLP, short for Multilayer Perceptron, is a form of an artificial neural network
composed of multiple interconnected layers. It is also defined as a feedforward
neural network, as the extracted features can only flow in one direction along the
forward propagation without loops. A simple diagram of the MLP is depicted
in Fig. A.4. The structure of an MLP is comprised of an input layer, one or
multiple hidden layers, and an output layer. Each circle in the hidden layer in the
above figure represents a neuron node, and the individual nodes are usually fully
connected to each other. These nodes serve to extract desired features from the
input vector to model a function that can execute either classification or regression
operations on input vectors. The output of the hidden layer is obtained by applying
an activation function f to wy X + by, where w; represents the weight of the fully
connected layer, by is the bias, and X is the input layer vector. The activation
function is a mathematical operation to offer more nonlinearity to the output of
a node. Since practical problems often involve complex functions, relying solely
on linear activation functions in a MLP will result in outputs limited to linear
combinations of vectors, which falls short of practical requirements. Therefore,
nonlinear activation functions such as sigmoid, hyperbolic tangent, and rectified

linear unit (ReLU) are frequently employed in MLPs.

In this study, several MLPs are leveraged to complete regression tasks. In order
to ensure that the output is closest to the actual value, gradient descent is usually
deployed to update the weights and biases. All weights and biases are required to
be initialized first. Subsequently, the gradient is calculated by computing the error
between the predicted and actual values, which supervises updating weights and
biases to penalize the error. When the error is sufficiently small, this MLP can be

considered feasible.

A.3 Convolutional Neural Network

A Convolutional Neural Network (CNN) is a DL algorithm specifically optimized
for image recognition and visual tasks. CNNs are suitable for processing spatial
data and usually contain five parts: an input layer, a convolutional layer, a pooling

layer, a fully connected layer, and an output layer. The structure of a traditional
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Input Layer € R® Hidden Layer € R® Hidden Layer € R® Output Layer € R?

F1GURE A.4: Diagram of a multilayer perceptron.

CNN is shown in Fig. A.5 below. Here, the convolution layer maps the unprocessed
data to the feature space of intermediate layers and extracts the image’s local
features while ensuring its spatial continuity. Moreover, the pooling layer reduces
the dimensionality of the features by means of average pooling or maximum pooling,
which can reduce the computational burden and has rotational invariance. The
fully connected layer can integrate the previously learned local information and
map the captured distributed feature representations into the sample token space,

which is leveraged to connect the final feature map and classifier.

16@10x1016@5x5

1x120

6@28x28
1@32x32 6@14x14

T %,

Convolution Subsampling Convolution Subsampling Dense

FIGURE A.5: Basic modules of a convolutional neural network.

The working principle of a CNN is shown in Eq. A.8.

A B
(+1) _ OING) !
Y = Z Z Wab (ki-ta) (kj+b) T sY, (A.8)

a=1 b=1
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0

@ are the input and output of the ith convolution layer, w,,

where oy, and y(lﬂ)

]
denotes the convolution kernel and its receptive field size is A x B, k represents

the stride, and 5% refers to the bias.

CNNs have a unique set of characteristics, including local connections, shared
weights, and pooling operations, that help to decrease computational demands
while increasing the model’s resistance to transformations such as translation and
scaling. Additionally, the deep structure of CNNs provides them with powerful
feature learning capabilities, which enables them to extract more robust features

and better align with the desired objective function.
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Preliminary for Chapter 4

B.0.1 Markov Decision Process

Throughout the training process, the agent constantly engages with the environ-
ment to generate a series of states, actions, and rewards. (s, ai, 11, So, G2, T, . . ., G4_1, St ),
defined as a general sequential decision process and is usually described by a Marko-
vian Decision Process (MDP) [103]. MDP is a mathematical framework used to
describe decision-making problems in RL, which suggests that the current state s
at time ¢ is solely dependent on the previous state s;_; and action a,_1, disregarding

other historical states. This concept is depicted in Eq. B.1.

P [St | Stfl] = P[St ‘ S1y .- .,Stfl] . (Bl)

The MDP framework comprises four elements denoted by the tuple (S, A, R, P).
The state space S refers to the set of possible states that the agent can be in at
any given time. The action space A represents the set of actions that the agent
can take in each state. The state transition function P, denoted as p (s;41 | S¢, ar),
describes the probability that the agent will transition to state s;,; after taking
action a; in state s;. Finally, the reward function R provides feedback to the agent

about its performance after taking an action a,; in state s;.

The objective of RL is to discover the best course of an action sequence that max-
imizes the expectation of weighted cumulative reward during the MDP. According

to the previous description, a policy accountable for generating the best course of
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an action sequence can be defined as a nonlinear mapping from states to actions,
or as a probability distribution of actions given a group of states, usually denoted
by

m(a|s)=P[Ar=a]| S =5]. (B.2)

The complete MDP is described as follows: initially, the state sq in which the
agent is initialized, and then the action aq is selected resting on the policy function
ap ~ m(a | sp). Subsequently, the new state s; is obtained by relying on the state
transition function s; ~ p(s |89, a0) to get a reward r; = R, for the current
step. Iterations of this operation continue until the termination state sy is reached,
where the entire trajectory 7 = (sq, ag, S1, a1, ..., S7) can be obtained, and the joint

probability of the trajectory can be expressed as:

T-1

p(T) =p (50> Hp (at—l | St—l) -p (St | St—1, at—l) . (BB)

t=

For each trajectory, the function that encompasses all single-step rewards is the
cumulative reward function, R = f (rg,71,...,r7). This function can be either a
T-step cumulative reward function R = ZtT;Dl ry or a y-discounted reward function
R= Z;‘F:_Ol 7', . The expected cumulative reward under a given task can be defined

as:

i ytrt] : (B.4)

The agent aims to discover the most effective approach that leads to the highest

anticipated cumulative reward:

™ =max E”
™

i ’ytrt] . (B.5)

t=0

Usually, the cumulative reward is suitable means to express the value of the present
state. The expected cumulative reward employing the strategy m with starting state
s is specified as the state value function:

Vi(s) = E7 nytrt | so = S] - (B.6)
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With s as the starting state and a as the action executed deploying policy 7 after
perceiving the starting state, the expected cumulative reward for deploying policy

7 is defined as the state-action value function:

[e.o]

Q" (s,a) = E™ Z’ytrt | so = s,a0 =a| . (B.7)

t=0

The Bellman equation for the state value function can be obtained from the defi-

nition of the state value function and Eq. B.6:

V(s) = E[G:| S = 5]
= E[Re1 +YRiyas + 7V Riys + ... | Sp = s] | (B35)
=E[Rip1 +9 Rz + 7Rz +...) | Sy = ¢
= E[Rip1 +9V (Siy1) | St = 5]

Similarly, the Bellman equation for the state-action value function can be obtained

as follows:

Q"(s,a) = E [Ttﬂ + Aro + Nrs + . | (s, a)}

(B.9)
= By [r + MQ" (s,d)) | (s,a)]

Thus the optimal state value function and the state-action value function can be

obtained as:

V*(s) = max [Rev1 +yE[V* (S]], (B.10)

Q*(s,a) = mgx@“(s,a). (B.11)

The optimal policy can then be determined dependent on the value function ac-

quired:

1 a = argmaxQ(s,a)
™(a|s) = acA : (B.12)
0 otherwise
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