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ABSTRACT

AGILE FLIGHT IN DYNAMIC ENVIRONMENTS: BRIDGING
REINFORCEMENT AND IMITATION LEARNING

Ahmet Gazi CIFCI

Master of Science, Computer Engineering
Supervisor: Asst. Prof. Ozgiir ERKENT
June 2024, 67 pages

In recent years, the utilization of drones has seen a remarkable increase across various
sectors, including surveillance, delivery services, and environmental monitoring. This surge
is largely attributed to advancements in drone technology, making them more accessible and
versatile. Among the capabilities that distinguish drones, agile flight emerges as a paramount
feature, enabling drones to navigate complex environments with precision and efficiency.
However, achieving agile flight in dynamic environments presents significant challenges,

particularly in terms of rapid trajectory re-planning and computational demands.

This thesis proposes a novel approach to agile drone navigation by integrating Reinforcement
Learning (RL) and Imitation Learning (IL). The methodology includes training a state-based
teacher policy using the Proximal Policy Optimization (PPO) algorithm, which has access
to comprehensive environmental information, including obstacle velocities. Subsequently, a
student policy is trained through Behavioral Cloning (BC) to navigate without direct velocity

information, relying instead on recurrent neural network architectures to infer this data.

Experimental results demonstrate that the proposed method significantly enhances the
agility and efficiency of drones in dynamic environments. The combination of RL and
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IL techniques not only reduces the computational burden but also shortens the training
time, facilitating quicker adaptation and improved performance. The findings of this
study contribute to advancing autonomous drone technology, offering a robust solution for
navigating through cluttered and unpredictable environments. The project can be found in

this link: https://github.com/Ag05ccc/agile flight

Keywords: Agile Drone Flight, Reinforcement Learning, Dynamic Obstacle Avoidance,

Imitation Learning, High-Speed Navigation
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OZET

DINAMIK ORTAMLARDA CEVIK UCUS: TAKLIT VE
PEKISTIRMELI OGRENME iLE NAVIGASYON

Ahmet Gazi CIFCI

Yiiksek Lisans, Bilgisayar Miihendisligi
Damsman: Asst. Prof. Ozgiir ERKENT
Haziran 2024, 67 sayfa

Son yillarda, dronlarin kullanimu ¢esitli sektorlerde, 6zellikle gdzetim, teslimat hizmetleri ve
cevre izleme alanlarinda dikkate deger bir artis gostermistir. Bu artig, drone teknolojisindeki
ilerlemelere, dronlarin daha erisilebilir ve cok yoOnlii hale gelmesine biiyiik Olcilide
atfedilmektedir. Dronlar1 ayiran yetenekler arasinda, cevik ucgus One cikarak dronlarin
karmagik ortamlarda hassasiyet ve verimlilikle gezinmelerini saglamaktadir. Ancak, dinamik
ortamlarda cevik ucus elde etmek, Ozellikle hizli rota yeniden planlama ve hesaplama

gereksinimleri agisindan 6nemli zorluklar sunmaktadir.

Bu tez, Takviyeli Ogrenme (RL) ve Taklit Ogrenme’yi (IL) entegre ederek cevik drone
navigasyonu icin yeni bir yaklasim Onermektedir. Metodoloji, engel hizlar1 da dahil
olmak iizere kapsamli cevresel bilgilere erisimi olan Proximal Policy Optimization (PPO)
algoritmas1 kullanilarak duruma dayali bir 6gretmen politikast egitmeyi icermektedir.
Daha sonra, dogrudan hiz bilgisi olmadan gezinecek olan 6grenci politikasi, bu veriyi
cikarmak i¢in tekrarli sinir ag1 mimarilerine dayanarak Davranis Klonlama (BC) yoluyla

egitilmektedir.
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Deneysel sonuglar, Onerilen metodun dinamik ortamlarda dronlarin cevikligini ve
verimlili§ini 6nemli Olgiide artirdigimi  gostermektedir. RL ve IL tekniklerinin
kombinasyonu, hesaplama yiikiinii azaltmanin yani sira egitim siiresini kisaltarak
daha hizli uyum ve gelismis performans saglamaktadir. ~ Bu c¢alismanin bulgulari,
daginik ve ongoriilemeyen ortamlarda gezinmek i¢in saglam bir ¢oziim sunarak otonom
drone teknolojisinin ilerlemesine katkida bulunmaktadir. Project bu linkte bulunabilir:

https://github.com/Ag05ccc/agile_flight

Keywords: Cevik Drone Ucusu, Takviyeli Ogrenme, Dinamik Engel Kacinma, Taklit
Ogrenme, Yiiksek Hizli Navigasyon
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1. INTRODUCTION

In recent years, the utilization of drones has seen a remarkable increase across various
sectors, including surveillance, delivery services, and environmental monitoring [4]. This
surge is largely attributed to the advancements in drone technology, making them more
accessible and versatile. Among the capabilities that distinguish drones, agile flight emerges
as a paramount feature, enabling drones to navigate complex environments with precision
and efficiency. However, the pursuit of agile flight faces significant challenges, especially
when confronted with dynamic obstacles. The essence of agility lies in the drone’s
ability to swiftly update its flight path in response to unexpected obstacles. This rapid
trajectory re-planning is inherently computationally intensive, posing a dilemma; while
agility demands fast reactions to avoid collisions, the computational burden can hinder the
drone’s ability to respond swiftly.

i ni ng

3.9%
Telecomumnacation
3.0%
Insurance
3.4%
Hedia &

6. 9%

Infrastructure
35. 6%

Security
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Transport
10, 2%

Agriculture
25.5%

Figure 1.1 Predicted value of UAV solutions in key industries (billion) [4]. Courtesy of Shakhatreh
et al.



RL is celebrated for its rapid processing capabilities, adeptness at solving intricate control
challenges, and proficiency in optimizing parameters tailored to specific problems [10-12].
This adaptability makes it an ideal candidate for addressing the high-stakes demands of
agile drone flight, where precise and real-time decision-making is crucial for successful
navigation. However, a notable limitation of RL is its dependency on extensive trial-and-error
processes during the learning phase. This characteristic, while fundamental to its learning
mechanism, can significantly prolong the training period and increase computational

resources [2].

Imitation Learning (IL) has emerged as a promising technique to address these challenges,
especially in the context of drones. IL leverages expert demonstrations to train models.
Various studies have shown that IL can significantly accelerate the learning process for
drones by providing a clear baseline from which the learning algorithm can start [2, 13, 14].
For instance, research has demonstrated the efficacy of IL in training drones to perform
complex maneuvers, such as obstacle avoidance by imitating expert [15-17]. These
demonstrations offer valuable insights into successful strategies, which the learning agent
can then refine and optimize. By integrating IL, researchers have been able to develop
drone control systems that learn more efficiently and effectively, navigating through complex
environments with reduced computational overhead [18]. These studies generally focus on
static environments and topics such as drone racing. In contrast, we focus on achieving agile
flight in an environment with dynamic objects and use imitation learning (IL) methods for
this problem. Additionally, unlike others [16], we use a reinforcement learning (RL) model

as the expert policy instead of an optimization-based expert controller.

To specifically address the challenge of navigating around dynamic obstacles, our approach
involves using Position History information within an LSTM-based Recurrent Policy. This
model aims to enable the drone to understand the movement direction of obstacles, enhancing
its ability to avoid collisions. By incorporating an RNN structure, our model can behave as a
Bayes estimator, allowing it to include more states and estimate the next state with superior
accuracy compared to models without RNN structure. However, training such a complex

model can be excessively time-consuming due to the computational demands of processing
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Figure 1.2 Environment With Dynamic Obstacles.

the temporal dynamics of obstacle movements. To mitigate this issue, we employed Imitation
Learning (IL), which significantly expedited the learning process by leveraging pre-existing
expert knowledge, thereby reducing the extensive trial-and-error phase typically associated

with traditional Reinforcement Learning (RL).

To our knowledge, this is the first instance of using LSTM in imitation learning with such
small training times. This novel application demonstrates the efficiency of our approach in

rapidly training models capable of navigating dynamic environments.

In our study, a student policy learns by observing demonstrations from a teacher policy that’s
been trained with comprehensive state information, including drone and obstacle dynamics.
This process simplifies learning because the student imitates successful strategies without
undergoing the tedious process of discovering them independently. A crucial point is that
our teacher policy utilizes obstacle velocity information to navigate effectively—a detail
not available to the student. This means the student learns to navigate effectively without

direct access to obstacle velocity information but by understanding their positioning and



movement patterns, making the learning process both efficient and thereby shortening the

model’s training time.

In conclusion, this thesis presents a novel approach to drone navigation through cluttered
environments, leveraging the strengths of Reinforcement Learning (RL) and Imitation
Learning (IL) to overcome the inherent limitations of each. By combining RL’s
capability for rapid, complex problem-solving with IL’s efficiency in learning from expert
demonstrations, we develop a robust navigation system that can adapt to dynamic obstacles
with unprecedented agility. The key innovation lies in training a student policy to navigate
without direct obstacle velocity information, a challenge that pushes the boundaries of

current drone technology.

Train Teacher Policy

Teacher Policy

Policy Update

Multi Agent Environment Obstacle Velocity Info
Model

Behavioral Cloning

S

L% Student Policy
L% ST it § &
SR 9—;‘2\{‘ t State Teacher Policy
R Action— |

Student Policy Action

Dataset Collection | pggired Action—> @_LDSS

Single Environment

Figure 1.3 Training pipeline for drone policy: The upper section shows the training of the teacher
policy in a multi-agent environment with dynamic obstacle velocity information, guided
by a reward model. The lower section illustrates the behavioral cloning process where the
student policy learns from the dataset collected by the teacher policy in an environment
without obstacle velocity information.



1.1. Scope Of The Thesis

The scope of this thesis is strategically concentrated on three pivotal areas that are essential
for advancing drone navigation in complex environments. These areas are crucial for
enhancing the agility and efficiency of drones, especially in scenarios laden with dynamic

obstacles. The focused areas within this thesis include:

* Development of a Hybrid Learning Framework: This framework is designed
to leverage the rapid problem-solving capabilities of RL and the efficient learning
mechanisms of IL, aiming to facilitate a more effective and expedient training process
for drone navigation systems. The integration of these methodologies seeks to address
the limitations posed by traditional RL techniques, particularly their extensive reliance

on trial and error.

* Dynamic Obstacle Navigation:  This thesis focuses on improving the ability
of drones to navigate through environments that contain moving obstacles. This
challenge is critical for real-world applications where the environment is not static,
and obstacles can change position or appear unexpectedly. The research focuses on
developing algorithms that enable drones to anticipate and adapt to these dynamic
elements swiftly, ensuring safe passage and maintaining optimal flight paths even in

unpredictable settings.

* Computational Efficiency: A key objective of this thesis is to improve the
computational efficiency of drone navigation systems. This entails innovating
strategies to reduce the computational burden associated with real-time trajectory
planning and obstacle avoidance. By streamlining these processes, the aim is to
enable drones to make quicker decisions without compromising accuracy or safety.
This aspect is particularly crucial for agile flight, where the ability to respond
rapidly to environmental changes can significantly impact the drone’s performance

and reliability.



1.2. Contributions

This thesis explores the critical challenges of autonomous drone navigation, particularly
focusing on the complexities of dynamic obstacle avoidance and improving learning
algorithms for more efficient drone operation. The cornerstone of this work lies in its
novel approach to combining Reinforcement Learning (RL) and Imitation Learning (IL) for

superior navigation performance. Here, we briefly outline the key contributions of this thesis

* Advancement in Dynamic Obstacle Navigation for Agile Flights: Utilizing
recurrent neural networks, the drone’s ability to respond to moving obstacles in
real-time is enhanced, significantly improving navigation accuracy and safety in

dynamic environments.

 Efficient Learning Mechanism With Direct Obstacle Velocity Information:
Incorporating direct velocity information of obstacles into the learning process reduces
the computational burden and enhances the efficiency of the learning algorithms,

leading to quicker adaptation and more reliable obstacle avoidance.

* Integration of Reinforcement Learning and Imitation Learning: A synergistic
integration of RL and IL is introduced, where RL refines the navigation policies
initially learned through IL, resulting in a robust and adaptive navigation system

capable of handling complex and unforeseen scenarios.

Each of these contributions not only pushes the boundaries of current drone navigation
capabilities but also opens new avenues for future research and development in autonomous

system technologies.

The project code can be found in this link: https://github.com/Ag05ccc/agile flight
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2. BACKGROUND OVERVIEW

The purpose of this section is to provide a comprehensive understanding of the foundational
concepts and related work that inform the methodologies employed in this thesis, which
focuses on agile flight in dynamic environments using reinforcement and imitation
learning. The topics covered in this section are presented in a logical order to build a
cohesive background, starting with fundamental theories and progressing towards more
specific techniques and applications relevant to our study on drone navigation through
dynamic obstacles. This section covers Markov Decision Processes (MDP), which model
decision-making in uncertain environments, and Reinforcement Learning (RL), which
enables an agent to learn optimal policies through interactions. The Proximal Policy
Optimization (PPO) Algorithm is highlighted as a key RL method for its balance between
exploration and exploitation. Additionally, Imitation Learning is introduced, focusing
on Behavioral Cloning, which trains policies by mimicking expert actions, relevant for

transferring knowledge from a teacher policy to a student policy.

RL Algorithms
Model-Free RL Model-Based RL
Policy Optimization Q-Learning Learn the Model Given the Model
Policy Gradient <«— ‘ —% DQN ‘ —> World Models \—> AlphaZero
. ‘J‘ DDPG “ : . - \ )
A2C/A3C N ~ —% C51 ‘ — 12A
- —ﬁ TD3 ‘4— : -
PPO «— SE—— —ﬁ QR-DQN ‘ > MBMF

. —% SAC }‘ ) - )

TRPO ! ) —% HER ‘ > MBVE

Figure 2.1 A Classification of Reinforcement Learning Algorithms [5].



2.1. Markov Decision Processes (MDP)

In environments where outcomes are influenced by both randomness and the choices of
a decision maker, the concept of Markov Decision Processes (MDPs) is applied. These
processes help in understanding and structuring the decision-making dynamics in such
settings. MDPs are characterized by states, actions, transition probabilities, and rewards.
States represent different scenarios or configurations in which the system can exist, while
actions are the choices available that can change the state. Transition probabilities quantify
the likelihood of moving from one state to another given a specific action, reflecting the
inherent uncertainties of the environment. Rewards provide feedback based on the actions

taken, guiding the decision maker toward desirable outcomes.

The essence of an MDP is its Markov property, which asserts that the future state is
determined solely by the current state and action, without regard to the sequence of preceding
events. This property simplifies the decision-making process by focusing only on the present

state, making past states irrelevant for future decisions.

The Bellman equation is a crucial recursive formula in both dynamic programming and
reinforcement learning, used to find the optimal policy in a Markov Decision Process (MDP).
It expresses the value of a state as the expected return of the best action taken from that state,

considering both immediate rewards and future rewards.

The Bellman equation for the value function V (s) is given by:

V(s) = mgxz P(s'|s,a) [R(s,a,s") + V()] (1)

where:

* V(s) is the state value,

* max, indicates the maximum value over all possible actions a,



» P(s'|s, a) represents the likelihood of transitioning to state s’ from state s given action

a,

* R(s,a,s’) is the reward obtained after moving from state s to state s’ as a result of

action a,

* v is the discount factor, which determines the importance of future rewards.

The objective in an MDP is to determine a policy, which is a strategy that specifies the
best action to take in each state to maximize the expected sum of future rewards, often
considering a discount factor for future rewards to ensure the sum is finite. Solving an
MDP involves finding this optimal policy using algorithms such as dynamic programming.
MDPs are widely applicable in fields like robotics, economics, and artificial intelligence,
where they help in developing strategies for systems that must operate in complex, uncertain

environments.

MDPs have certain shortcomings, especially when applied to drone navigation. The state
and action spaces can become extremely large, making the computation of optimal policies
challenging. Additionally, the dynamic and unpredictable nature of real-world environments

can lead to inaccuracies in the transition probabilities and rewards.

>
> Agent
State s; Reward ry Action ay
VT
Environment
<
1 St

Figure 2.2 Typical framing of the RL scenario. Observing the environment through the state space,
the agent uses the reward value as a feedback mechanism. Courtesy of Sutton and Barto

[6]

2.2. Reinforcement Learning (RL)

Reinforcement Learning (RL) is a subset of machine learning that emphasizes how agents
should make decisions within an environment to maximize their cumulative reward. Unlike
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other types of learning, reinforcement learning is particularly concerned with making
decisions sequentially and learning from the outcomes of these decisions. This field of study
bridges the gap between decision-making and optimal control, using concepts from both
artificial intelligence and psychology to develop algorithms that improve through trial and

error. [19]

The core of reinforcement learning revolves around the agent, representing the
decision-maker, and the environment, representing the world in which the agent operates.
The interaction between the agent and the environment occurs at discrete time steps. At each
time step, the agent receives the current state of the environment and selects an action in
response. The environment, in turn, presents a new state and a reward to the agent. The
reward, expressed as a numerical value, indicates the benefit of an action, and the agent’s
goal is to maximize the total accumulated reward over time. Reinforcement Learning differs
from Markov Decision Processes (MDPs) in that MDPs provide a formal framework for
modeling decision-making problems, but do not inherently involve learning. RL can be seen
as a subset of MDPs, focusing on solving MDPs through learning algorithms that improve

from interaction with the environment.

This process involves learning a policy — a mapping from states of the environment to the
actions the agent should choose when in those states. The challenge in RL is that the agent
must learn the best policy through its own experience, without prior knowledge of how the
environment behaves. This is similar to learning to play a new game by playing it repeatedly
and observing what actions lead to winning. For example, the AlphaGo system used RL to

learn and master the game of Go, achieving superhuman performance [20].

Reinforcement learning is notably different from other types of learning in that it does not
require labeled input/output pairs, as is typical in supervised learning, nor does it seek to
find patterns in data, as in unsupervised learning. Instead, RL is about finding a balance
between exploration (trying unfamiliar actions to discover their effects) and exploitation

(taking actions known to yield high rewards, albeit with a risk).
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A fundamental aspect of reinforcement learning is the trade-off between immediate and
long-term rewards. This is often handled using a discount factor, a parameter less than one
that reduces the value of future rewards. This concept is crucial as it helps in formulating a
solution that balances the immediate payoff with delayed benefits, which is often essential in

dynamic environments where the circumstances may change unpredictably.

Reinforcement learning has a broad range of applications, from robotics, where it can be
used to teach machines to perform complex tasks that cannot be explicitly programmed, to
game playing and autonomous vehicles [21, 22]. In robotics, RL has been used to train
robots for tasks such as manipulation and locomotion. In autonomous vehicles, RL helps in
decision-making processes like lane changing and collision avoidance[23]. For instance, RL
algorithms have enabled drones to navigate through dynamic environments like autonomous

landing on a moving platform [24].

Overall, reinforcement learning represents a sophisticated area of study in machine learning,
focusing on the development of algorithms that improve automatically through experiences.
It holds the promise of enabling sophisticated levels of artificial intelligence in a variety of

fields.

Reinforcement learning can be broadly categorized into model-based and model-free
methods. Model-based methods involve creating a model of the environment to plan
actions by predicting future states and rewards. In contrast, model-free methods learn the
optimal policy directly from interactions with the environment without explicitly modeling
it. Proximal Policy Optimization (PPO), a model-free method, is used in our project due to

its efficiency and stability in learning policies directly from experiences.

2.2.1. Proximal Policy Optimization (PPO) Algorithm

Proximal Policy Optimization (PPO) [25] and other model-free reinforcement learning
methods are crucial in the field of policy optimization. Some of the fundamental model-free

methods include Policy Gradient, Asynchronous Advantage Actor-Critic (A2C/A3C)[26],

11



Trust Region Policy Optimization (TRPO)[27], and PPO. Policy Gradient methods optimize
the policy directly by estimating the gradient of the expected return with respect to the
policy parameters, iteratively improving the policy. They are simple and applicable to both
discrete and continuous action spaces but can suffer from high variance and instability in
learning. A2C/A3C methods improve on basic Policy Gradient by using multiple agents
to explore the environment in parallel. This parallelism reduces variance and accelerates
learning. However, A3C’s reliance on on-policy updates can still lead to instability and
slower convergence. TRPO addresses the stability issues of Policy Gradient and A3C by
ensuring that updates to the policy do not deviate too much from the previous policy, thus
maintaining a trust region. This method is more stable but computationally complex due
to the second-order optimization involved. PPO builds on the strengths of TRPO while
simplifying the optimization process. It uses a novel objective function to penalize large
policy updates, effectively maintaining a trust region without the computational overhead of
TRPO. This balance makes PPO both stable and computationally efficient, making it suitable

for a wide range of reinforcement learning applications.

Policy gradient methods optimize the policy directly by estimating the gradient of the
expected return (a measure of how well the policy performs) with respect to the policy
parameters. By adjusting the parameters in the direction of the gradient, the policy is
iteratively improved. These methods are particularly appealing because they are applicable
to both discrete and continuous action spaces, and they can naturally incorporate stochastic

policies.

Traditional policy gradient methods, such as Trust Region Policy Optimization (TRPO)
[27], aim to take the largest possible improvement step on a policy without stepping too
far and causing performance collapse. TRPO, in particular, uses a complex second-order
optimization method to maintain a balance between improvement and stability. However,
TRPO’s computational complexity and implementation difficulty limit its practicality,

especially for large-scale problems.

PPO aims to retain the benefits of TRPO but in a simpler, more efficient manner. It introduces

12



a novel objective function that penalizes changes to the policy that move it too far from the
old policy, effectively maintaining a trust region around the old policy. There are two primary
variants of PPO, differentiated by their objective function. The first variant, PPO-Clip, uses
a clipped surrogate objective. The idea is to clip the probability ratio between the new policy
and the old policy to be within a certain range (typically between 1 — € and 1 4 ¢, where € is a
small positive number). This clipping prevents the new policy from deviating too much from
the old policy, thus ensuring stability and reliable updates. The second variant, PPO-Penalty,
adds a penalty term to the objective function that directly penalizes large deviations from the
old policy. The penalty is often based on the KL divergence between the old and new policies,
ensuring that the updates remain within a trust region. Both variants aim to strike a balance
between exploration and stability, preventing the policy from changing too drastically in a
single update, thereby retaining the advantages of trust region methods like TRPO (Trust

Region Policy Optimization) but in a more computationally efficient way.

Proximal Policy Optimization represents a significant advancement in the field of
reinforcement learning, particularly in policy gradient methods. By addressing the stability
and efficiency challenges of its predecessors, PPO has paved the way for more effective
and practical reinforcement learning solutions. Its balance between performance and
computational simplicity makes it a valuable tool for researchers and practitioners alike in

the ongoing exploration and application of reinforcement learning techniques.

For example, it has been successfully used in robotics for tasks such as robotic manipulation
and locomotion [21]. In the domain of game playing, PPO has been used in training Al
agents for complex strategy games like Dota 2 and StarCraft II [28, 29]. Additionally, PPO
is used in autonomous driving systems to optimize decision-making processes for tasks like

lane keeping and obstacle avoidance, [22, 30, 31].

PPO uses a clipped objective function to prevent large updates in the policy. This function is

defined as:

LCLIP(@) = FE, [min (rt(e)flt, clip(ry(0),1 —e, 1+ €>At):|
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where,

o (a|st)
ry(f) = ————=
t( ) ﬂ-eold(at"st)

is the probability ratio, A, is the advantage function, and € is the clip range.

The total loss function used in PPO includes the clipped objective function, value function

loss, and an entropy term for policy diversity:

L(8) = By [LOP(9) — o1 LY (8) + 2S5

where,
2

LVF(9> = (V(St) r ‘/target(st))
is the value function loss, S[my|(s;) is the policy entropy term, and c¢; and cy are
hyperparameters.

The advantage function indicates how good an action is in a particular state and is often

calculated using Generalized Advantage Estimation (GAE):

At = Z(’Y)\>l5t+l
1=0
where,

6t =Tt + ’}/V(St_i_l) — V(St)

is the temporal difference error, v is the discount factor, and ) is the GAE parameter.

2.3. Imitation Learning

Imitation Learning, in the context of artificial intelligence and machine learning, is a method

by which agents learn to perform tasks by observing and imitating the actions of experts
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[32]. This learning paradigm is rooted in the idea that complex behaviors can be acquired
more efficiently by leveraging the knowledge and strategies of those already proficient, rather
than learning from scratch through trial-and-error [2]. Imitation Learning is particularly
useful in scenarios where direct programming of desired behaviors is impractical due to the

complexity of the task or the environment.

There are several approaches within Imitation Learning, including Behavior Cloning and
Inverse Reinforcement Learning [33, 34]. Behavior Cloning, involves direct mapping from
observed states to actions. The agent learns a policy that replicates the expert’s actions
in similar situations by training on a dataset of state-action pairs collected from expert
demonstrations. This method is similar to supervised learning and is straightforward to
implement. However, it may suffer from issues such as covariate shift, where the distribution
of states encountered by the agent differs from those in the training dataset, leading to poor

generalization.

Inverse Reinforcement Learning (IRL) focuses on learning the underlying reward function
that the expert is assumed to be optimizing, based on their demonstrated behavior [34]. Once
the reward function is inferred, various reinforcement learning techniques can be applied to
learn optimal policies. This approach can potentially lead to more robust and generalizable
policies compared to Behavior Cloning, as the agent learns the “why” behind the actions

rather than merely mimicking them.

Imitation Learning has applications across various fields, including robotics (where robots
learn tasks by observing human demonstrations)[35], autonomous vehicles (learning to drive
by mimicking human drivers)[36], and game playing (learning strategies by observing expert

players) [37].

One of the main advantages of Imitation Learning is its ability to significantly reduce the
amount of exploration needed to learn a task, as the agent is guided by expert demonstrations.
However, challenges such as ensuring the quality of the expert demonstrations, dealing with

environments where expert knowledge is not available or incomplete, and addressing the
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discrepancy between the agent’s and the expert’s state representations (observability) remain

active areas of research.

2.3.1. Behavioral Cloning

Behavioral cloning is a type of machine learning that falls under the broader category of
imitation learning, where the goal is to mimic human behavior in a specific task [33]. It
involves training an algorithm, typically a neural network, to replicate the actions of an expert
by observing examples of their behavior. This method is commonly used in domains where
defining explicit rules for performing a task is difficult, but where demonstration data is

readily available.

The process of behavioral cloning can be broken down into several steps. First, the expert’s
behavior is captured in the form of data, which typically includes observations of the

environment (input) and the corresponding actions taken by the expert (output).

Once the data is collected, it is used to train a model. This training process involves adjusting
the parameters of the model so that it predicts the expert’s actions as accurately as possible,
given the observed environmental states. The model essentially learns a function that maps

from the state of the environment to the actions that should be taken in those states.

For example, in the context of autonomous flight for drones, this data might consist of sensor
readings (like altitude, speed, and obstacles detected through lidar or cameras) as the input,
and the control inputs from a skilled pilot (such as adjustments to throttle, pitch, and yaw)
as the output. The trained model then aims to replicate these pilot actions based on similar
sensor readings, effectively learning to fly the drone by mimicking the human expert’s control

maneuvers [7].
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Figure 2.3 Example of behavioral cloning drone flight experiment. Courtesy of
Rodriguez-Hernandez et al. [7]

Behavioral cloning directly maps observed states to actions, thus bypassing the need to
understand the underlying motivations or strategies behind the expert’s decisions. This
makes the approach relatively simple to implement, as it does not require the model to
understand or model the environment’s dynamics or the reward structure that the expert might

be optimizing.
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However, there are several challenges associated with behavioral cloning. One significant
issue is the problem of distribution shift, where the trained model may perform well
on scenarios similar to those seen during training but fails to generalize to new, unseen
situations. This is because the model has only learned to replicate the observed actions

and lacks a deeper understanding of how those actions affect the environment.

Another challenge is the need for a large amount of high-quality, diverse training data. Since
the model learns only from the data it has seen, its performance is highly dependent on the
variety and representativeness of the training examples. If the training data is not diverse or

is biased in some way, the model may not perform well in real-world conditions.

Despite these challenges, behavioral cloning is widely used due to its simplicity and
effectiveness in many applications. It has been particularly impactful in robotics and
autonomous systems, where it has enabled machines to perform complex tasks such as
flying drones, driving cars, and performing surgery, tasks that would be difficult to program
explicitly. Overall, behavioral cloning represents a practical approach to machine learning
when direct teaching through demonstration is feasible, providing a straightforward path to

developing capable systems in various domains.

In this thesis, a teacher policy was trained using the RL-based PPO algorithm, which utilized
comprehensive environmental information. The teacher policy, with access to detailed data
such as obstacle velocities, achieved efficient learning. Subsequently, Behavioral Cloning
was employed to train the student policy. This approach allowed the student policy to
successfully navigate dynamic obstacles without collision, even in the absence of specific

speed information, by mimicking the behaviors demonstrated by the teacher policy.
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3. RELATED WORK

Recent advancements in the domain of autonomous drone navigation have highlighted
the efficacy of Deep Reinforcement Learning (DRL) methods over traditional
optimization-based approaches. Studies such as [38, 39] have demonstrated that neural
control policies can significantly outperform conventional model-based planning and control
methods. Specifically, these DRL approaches have been successful in navigating quadrotors
through cluttered environments swiftly and with greater accuracy, achieving minimal travel

time [40].

Agility in drone systems, especially in obstacle-dense environments, hinges critically on
the capability to detect obstacles early and react promptly. To address this, several
perception-aware methodologies leveraging Reinforcement Learning have been developed
[2, 13]. These methods integrate sensory processing with control mechanisms, enhancing

the drones’ ability to respond to environmental challenges more effectively.

However, a significant challenge with RL-based approaches is their dependency on extensive
trial-and-error data sets, which can be impractical in real-world scenarios. To mitigate this,
recent research has explored the use of Imitation Learning to bootstrap RL solutions using
existing datasets generated from classical approaches [2, 14, 16]. This synergy facilitates
the development of robust models by significantly reducing the need for new data collection.
Furthermore, some studies have adopted an RL-based model as a *Teacher policy’ to refine
and surpass the limitations of classical optimization-based policies, effectively enhancing

overall system performance [2, 41].

These studies have generally been conducted in environments with racing drones or static
obstacles [2, 12]. Due to their focus on racing drones, they tend to perform well in
the environments in which they were trained but show limited generalizability to other
environments beyond their original training. In our work, we have applied these successful
methods to environments with a high density of dynamic obstacles. By leveraging these

innovative approaches, drone systems not only improve in agility but also in operational
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safety and efficiency, promising substantial advancements in the field of autonomous aerial

navigation.

While the previous studies predominantly focus on static environments and applications
such as drone racing, our research shifts the focus to achieving agile flight in environments
populated with dynamic objects. To tackle the complexities of these dynamic scenarios,
we implement imitation learning (IL) techniques. Unlike the methods that depend on an
optimization-based expert controller [16], our approach leverages a reinforcement learning
(RL) model as the expert policy. This choice enhances our system’s ability to adapt to novel
and unforeseen situations, thereby improving agility and robustness. Our goal is not only
to achieve high performance within the training environments but also to ensure effective
generalization to new and dynamic contexts, thereby expanding the practical applicability

and reliability.

Id.,

. .
2.7 ™~
\\ rd

Figure 3.1 RAPTOR: Gradient-based motion planning with perception-aware strategies enhances
robustness and safety in unknown environments. The trajectory is updated to maximize
the visible area, providing the drone with longer distance and more time to react and
prevent collisions [8].
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Recent advancements in the domain of autonomous drone navigation have highlighted
the efficacy of Deep Reinforcement Learning (DRL) methods over traditional
optimization-based approaches. Studies such as [38, 39] have demonstrated that neural

control policies can significantly outperform conventional model-based planning and control
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methods. Specifically, these DRL approaches have been successful in navigating quadrotors
through cluttered environments swiftly and with greater accuracy, achieving minimal travel

time [40].

Agility in drone systems, especially in obstacle-dense environments, hinges critically on
the capability to detect obstacles early and react promptly. To address this, several
perception-aware methodologies leveraging Reinforcement Learning have been developed
[2, 13]. These methods integrate sensory processing with control mechanisms, enhancing

the drones’ ability to respond to environmental challenges more effectively.

However, a significant challenge with RL-based approaches is their dependency on extensive
trial-and-error data sets, which can be impractical in real-world scenarios. To mitigate this,
recent research has explored the use of Imitation Learning to bootstrap RL solutions using
existing datasets generated from classical approaches [2, 14, 16]. This synergy facilitates
the development of robust models by significantly reducing the need for new data collection.
Furthermore, some studies have adopted an RL-based model as a *Teacher policy’ to refine
and surpass the limitations of classical optimization-based policies, effectively enhancing

overall system performance [2, 41].

These studies have generally been conducted in environments with racing drones or static
obstacles [2, 12]. Due to their focus on racing drones, they tend to perform well in
the environments in which they were trained but show limited generalizability to other
environments beyond their original training. In our work, we have applied these successful
methods to environments with a high density of dynamic obstacles. By leveraging these
innovative approaches, drone systems not only improve in agility but also in operational
safety and efficiency, promising substantial advancements in the field of autonomous aerial

navigation.

While the previous studies predominantly focus on static environments and applications
such as drone racing, our research shifts the focus to achieving agile flight in environments
populated with dynamic objects. To tackle the complexities of these dynamic scenarios,

we implement imitation learning (IL) techniques. Unlike the methods that depend on an
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optimization-based expert controller [16], our approach leverages a reinforcement learning
(RL) model as the expert policy. This choice enhances our system’s ability to adapt to novel
and unforeseen situations, thereby improving agility and robustness. Our goal is not only
to achieve high performance within the training environments but also to ensure effective
generalization to new and dynamic contexts, thereby expanding the practical applicability

and reliability.
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Figure 4.1 System Overview. The study focuses on training a state-based teacher policy that has

access to obstacle velocity data. This knowledge is then transferred to a student policy
using a Long Short-Term Memory (LSTM) based recurrent neural network framework.

processes.
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In this section, the methodologies employed as solutions to the problem, which were
outlined in the background section, will be explored. This chapter provides a comprehensive
overview of the proposed method, including the general architecture, the interrelations of

its components, the structure of the input and output values, and the training and testing

The simulation environment used during training and testing will be discussed with details
on the obstacles and technical specifications of the drone platform. Additionally, this section
includes an explanation of the Teacher/Student models, their technical intricacies, and the
configurations of the PPO algorithm. The reward function used during the model training

will be elaborated upon, highlighting its components and their purposes. Furthermore, this



chapter explains how these elements contribute to the understanding of the results presented

in the experiment section.

4.1. Method Overview

Figure 4.2 Utilizing velocity information of dynamic obstacles to train the model for navigation. The
uncertainty of the movement direction of obstacles can cause collisions; however, the
velocity information helps the model to understand their movement direction, leading to
better navigation results. The red arrows highlight these dynamic movements, emphasizing
the importance of velocity data in enhancing obstacle avoidance performance.

In this study, we explore the facilitation of agile flight within dynamic environments for drone
systems. We propose a novel approach utilizing a deep reinforcement learning framework
supplemented by imitation learning techniques. Our methodology incorporates two distinct
policies: a teacher policy and a student policy. The teacher policy is privy to comprehensive
environmental data, particularly the velocity of obstacles, which significantly enhances the
model’s capability to navigate swiftly around dynamic obstacles. Subsequently, the teacher
policy functions as a mentor to the student policy during the imitation learning phase.
The student policy employs a recurrent neural network architecture with Long Short-Term

Memory (LSTM) layers, enabling it to infer obstacle velocity information indirectly rather
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than relying on direct input. This strategy accelerates the learning process compared to

traditional reinforcement learning methods that build knowledge from scratch.

The input features for the model include several parameters. Orientation is a matrix of size 9
that refers to the rotation matrix of the drone, helping in understanding its current orientation
in space. Quad state position, quad state velocity, and quad state angular velocity are vectors
of size 3 each, providing information about the drone’s current position, linear velocity,
and angular velocity, respectively. Obstacle observations is a vector of size 80, detailing
the positions of 20 obstacles in the environment, each described by their coordinates (X,
y, z) and size (r). The world box input is a vector of size 4 that indicates the distance
to the edge of the map, helping the model to prevent the drone from exiting the defined
boundaries. Additionally, obstacle velocity is a vector of size 60, providing information

about the velocities (Vx, Vy, Vz) of 20 obstacles.

The output of the model consists of four parameters: the total thrust of the drone and the
roll, pitch, and yaw rates. These control commands are then passed to the low-level flight

controller, enabling the drone to navigate effectively in dynamic environments [42].
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Figure 4.3 Flightmare System Overview [9].

In this research, we utilize the Flightmare simulator [9], an open-source, Unity-based drone
simulation tool equipped with a flexible physics engine, serving as both our development and
testing environment. The robust physics engine ensures realistic flight dynamics, crucial for

accurate simulation of drone behavior.

Flightmare seamlessly integrates with the OpenAI-Gym framework [43], enabling the
simultaneous operation of multiple environments through its parallel multi-agent support.
This integration facilitates extensive testing and training scenarios. Additionally, the
simulator is compatible with ROS and Gazebo, broadening its applicability for various

robotic applications.

The simulator boasts a versatile sensor suite, providing RGB images, IMU data, depth
information, segmentation maps, 3D point clouds, and optical flow data. These sensors
are essential for creating realistic and varied training data, mimicking real-world drone

perception systems.
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Figure 4.4 Flightmare Parallel Multi Agent Support.

Our primary benchmarks are derived from the "DodgeDrone Challenge” [3], which features
environments populated with both static and dynamic obstacles at varying levels of
complexity. The challenge environments are meticulously designed, featuring obstacles that
vary in type, speed, acceleration, size, and density, thus providing a comprehensive testbed
for evaluating drone performance under diverse conditions. The environments include
moving obstacles with varying velocities and accelerations, designed to represent different

obstacle densities.

Flightmare offers a variety of maps that mimic different locales, including warehouses,
streets, forests, and wastelands, along with available Unity prefabs. These diverse
environments are critical for testing the generalization capabilities of the developed

algorithms.

Furthermore, we employ the Agilicious autopilot, a sophisticated control system that ensures
precise maneuvering and stability, enabling the simulation of agile flight capabilities. The
moderately lightweight drone model used within Flightmare provides a solid foundation for
testing drone agility in dynamic environments, ensuring that our simulations are both realistic

and relevant to real-world scenarios.
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Figure 4.5 Flightmare Simulation Empty - Easy - Medium - Hard Level Environment

By leveraging these advanced simulation capabilities, we aim to develop and test
reinforcement learning algorithms capable of navigating complex environments. The
”"DodgeDrone Challenge” serves as a rigorous benchmark for our methods, ensuring that

our solutions are robust and effective in real-world applications.

Parameter Value
Mass (kg) 0.752
Thrust-to-Body Mappings (m) Front Left: [0.075, 0.10, 0.0]

Front Right: [0.075, -0.10, 0.0]
Back Left: [-0.075, 0.10, 0.0]
Back Right: [-0.075, -0.10, 0.0]

Max Angular Velocities (rad/s) [6.0, 6.0, 2.0]
Inertia (kg-m?) [0.0025, 0.0021, 0.0043]
Torque Coefficient (N-m) 0.022
Motor Speed Range (rpm) 150 - 2800
Motor Response Time (s) 0.033
Thrust Map (N) [1.562522e-6, 0.0, 0.0], Max Thrust = 8.50 N

Body Drag Coefficients [0.00, 0.00, 0.00] (1st and 3rd Order), Horizontal: 0.00

Table 4.1 Quadrotor Dynamics Parameters

The quadrotor dynamics specified in our study represent the specifications of a drone
designed to simulate agile flight capabilities in various environments. This drone is
moderately lightweight, equipped with a sophisticated control system that allows for
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precise maneuvering and stability even when confronted with obstacles. This simulation
setup provides an excellent foundation for testing and enhancing drone agility in dynamic

environments.

Figure 4.6 Environments: Warehouse - Street - Forest - Wasteland

4.3. Teacher Policy

The teacher policy serves as an expert model that provides guidance or supervision. It
typically has access to comprehensive environmental data and uses this information to make
optimal decisions in complex scenarios. The role of the teacher policy is to generate behavior
and decisions that the student policy can learn from, effectively setting a performance
benchmark and providing a source of high-quality, successful actions for the student to
imitate. This helps ensure that the student learns effective strategies for navigating and

responding within its operational environment.

The inputs of the models is quadrotor state information, obstacle position and velocity
information. The outputs of the model is control actions of collective total thrust and
bodyrates. The model architecture is a two layer of multilayer perceptron (MLP). We use

StableBaseline3 Proximal Policy Optimization (PPO) algorithm with default settings. The
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StableBaseline Proximal Policy Optimization (PPO) algorithm integrates concepts from both

A2C, which employs multiple workers, and TRPO, which utilizes a trust region to enhance

the actor. The core principle is to ensure that after each update, the new policy remains close

to the previous one. To achieve this, PPO employs clipping to prevent excessively large

updates.

The training is done with parallel 100 environment and the teacher policy can learn to fly in

dynamic environment with up to 25m/s speed depends on the obstacle density.

4.4. Proximal Policy Optimization (PPO) Configurations

Parameter

Value

policy
learning_rate
gae_lambda

v

n_steps*
ent_coef
vi_coef*
max_grad_norm
batch_size
clip_range

use_sde

MultilnputPolicy
7x 1071
0.95
0.99

150

0.0

0.3

0.5
75000
0.2

False

Table 4.2 Parameters configuration

We utilized a specific configuration of parameters for the reinforcement learning model,

tailored to optimize performance within the given environment. The choice of the policy

model is crucial as it dictates the learning capabilities of the agent. The MultilnputPolicy was



selected to utilize multiple inputs, which was specifically adjusted from the default policy to

meet the requirements of our model architecture.

In our setup, we adhered to the proven parameter configurations recommended by the
Stable-Baseline3 [44] default values. These settings are selected based on extensive testing

to ensure optimal performance across a variety of environments.

The learning rate, a crucial parameter for controlling the update magnitude in the model’s
weights during training, is set to a linear schedule starting at 7 x 10~*. This setting allows

the learning rate to decrease as the model progresses, optimizing convergence rates.

The discount factor (), set at 0.99, dictates the importance of future rewards over immediate

ones, enabling the agent to prioritize long-term gains effectively.

The n_steps parameter, determining the number of steps to run for each environment per
update, is crucial for defining the size of the rollout buffer. The product of n_steps and
the number of environment copies (n_envs) must exceed one due to the requirements of

advantage normalization.

The clipping parameter (clip_range), set as a function of the current progress remaining from
1 to 0, helps in moderating policy updates and avoiding large deviations from the current

policy, which could lead to destabilization.

Entropy coefficient (ent_coef) and value function coefficient (vf_coef), set at 0.0 and
0.5 respectively, are used to balance exploration by encouraging more diverse actions and

accurately estimating value functions.

The maximum gradient norm (maz_grad_norm), capped at 0.5, prevents the gradients from

growing too large and potentially causing unstable training dynamics.

These parameters form the backbone of our model configuration, ensuring that the agent

learns effectively and robustly in diverse settings.
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4.5. Student Policy

The student policy is a model that learns to replicate the behavior of a teacher policy, which
typically has access to more complete information about the environment. The student policy
is trained to approximate the decisions of the teacher by observing and mimicking its actions,
even when certain environmental data, like obstacle velocities, are not directly available to it.
This approach enables the student model to perform tasks autonomously by leveraging the
distilled knowledge from the teacher, improving its ability to operate effectively in complex

scenarios.

The primary distinction between the teacher and student policies lies in their access to
obstacle velocity information and the incorporation of a Recurrent architecture. The student
policy aims to learn the movement trajectories of dynamic obstacles based on historical
data, enabling rapid navigation within dynamic environments. Unlike the teacher policy, the
student model does not directly incorporate obstacle velocity information into its inputs. The
outputs from the student policy model dictate the control actions, specifically the collective
total thrust and body rates. The architectural framework of the model consists of two layers

of a multilayer perceptron (MLP) and a single 256-unit LSTM layer.

4.6. Reward Function

The reward function, represented in Equation (1), is a composite measure that includes

components for linear velocity, survival, collision avoidance, and angular velocity penalties:

T(t) = Tposition + Tlinwel T Tacceleration + Tjerk (2)
+ kw ||W|| + kcoll Teoll T Tsurvive

The linear velocity reward is calculated using a masking operation that allows the drone
flexibility in moving in various directions without incurring penalties. This adaptability is

crucial for avoiding collisions by enabling movements to the left/right and up/down. To
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ensure that these movements are not penalized, a component-wise product with a linear

velocity mask is employed, which acts as a directional weight.

The survival reward is assigned a static value of 0.3, encouraging the drone to avoid “death”
when navigating through multiple obstacles and seeking escape routes. The collision penalty
is computed as the sum of the exponential distances to the nearest N obstacles, enhancing the
model’s collision avoidance capabilities. Additionally, the angular velocity penalty aims to

minimize the drone’s angular movements, contributing to a more stable and controlled flight.

Due to the advantages of imitation learning, the training process for the student policy is
significantly more efficient than that for the teacher policy, facilitating quicker adaptation

and learning within dynamic environments.

position * Px (3)

T'position

The position reward is proportional to the drone’s position on the x-axis. It ensures that
the drone maintains a fundamental forward motion. Despite the collision penalties from

obstacles, the position reward encourages the drone to move forward.

Urewl =7— 17goal (4)

77rew2 =7 (5)

We tried two different reward function as the velocity reward and obtained satisfactory
results with both. In the first reward function, we use the difference between specific goal
velocity, and the drone’s velocity as a penalty. This ensures that the drone fly at the desired
speed. As an alternative and currently used second reward function, directly use the drone’s
instantaneous velocity as a reward. This way, the faster the drone goes, the more reward it
receives. This method allows the drone to reach much higher speeds and decide for itself
when to slow down. Instead of forcing the model to maintain a specific speed, we let it make
its own decisions.

Vpew = 10g(1.0 + min(10.0, |¢/])) (6)
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To prevent the reward value from becoming overly dominant as the speed increases, we use
a log function to ensure that further acceleration beyond certain speeds does not provide
additional advantage. This helps the model avoid focusing solely on speeding up at the

expense of optimizing other reward values.

n

Tlin_vel = _kvel : Z(Urew,i : Umask,i)z (7)

=1
Where:
Umask = [0.95 0.35 0.35] 8)

The linear velocity reward is proportional to the norm of the velocity error vector, masked

by a linear velocity mask and scaled by a negative velocity coefficient.

U ="l

_)er’ror - 9
S At ©)

Tacceleration = kacceler(ztion . IOg(l + ||6€T7‘OT’||) (10)

In dynamic environments, the most critical feature needed for agile flight is the ability to
respond quickly. To highlight this, we utilized acceleration values as an advantage when
encountering obstacles. By doing so, the drone was able to make sudden stops and rapid
jumps, enhancing its maneuverability. This approach ensures that the drone can swiftly
adjust its speed to avoid collisions and navigate through complex scenarios effectively.
However, it is crucial to manage these acceleration values carefully, as excessively high

values can lead to instability and unpredictable movements.

= aerror - C_iold
error — T A, 11
J Al (11)
7ajerk = kjerk : log(l + ||jerrm"||> (12)
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Figure 4.7 Impact of Jerk Reward Function on Obstacle Avoidance Performance.

Furthermore, we emphasized the importance of jerk values in agile flight. Jerk, being the rate
of change of acceleration, plays a significant role in the drone’s ability to make swift changes
in direction. By incorporating jerk into our reward function, we enabled the drone to perform
agile maneuvers such as quick directional shifts and rapid evasive actions. This capability
is particularly beneficial in avoiding sudden obstacles and maintaining a fluid flight path.
Nevertheless, it is important to note that high jerk values, if not properly controlled, can
cause the drone to continuously spin or perform spiral maneuvers, potentially compromising

its stability and control.

Tangvel = kw . H(DH (13)

The angular velocity penalty is designed to minimize the drone’s angular movements,
thereby promoting a more stable and controlled flight. By discouraging excessive rotations
and oscillations, this penalty helps the drone maintain a steady orientation, which is
crucial for precise navigation and maneuverability, especially in complex and dynamic

environments. Consequently, the drone can better maintain its intended flight path, respond
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more predictably to control inputs, and avoid erratic behavior that could compromise its

mission or safety.

N
Feoll = ko - Y _ exp (—1.0 - (relative_dist; — rops, — 0.1)) (14)
i=1

The collision penalty is calculated as the sum of exponential functions of the relative distance

to each obstacle, adjusted by the obstacle radius and a margin.

Figure 4.8 The top image shows a scenario where the collision penalty is not applied to obstacles
in the movement direction, while the bottom image shows a scenario where the collision
penalty is applied.

In Figure 4.8, the blue circles denote obstacles located behind the drone, while the green
circles indicate obstacles situated in front of the drone that do not result in a collision
penalty on the reward. The red circles represent obstacles that incur a collision penalty.

The mechanism operates such that a collision penalty is applied if the velocity directions of
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the obstacle and the drone intersect. Conversely, if the obstacles are in close proximity to the

drone but do not intersect with its velocity direction, no collision penalty is imposed.

To calculate the collision penalty, the relative position vector (Ap) between the drone and

the obstacle is first determined:

Ap = Pobstacle — Pdrone

The distance is then normalized with respect to the velocity vector of the drone. The

normalized distance vector (domalized) 1S cOmputed as:

d i (Apl Aps Apg)
normalized — ) )

U1 Vo V3

Finally, the norm of this normalized distance vector (d,omaiizeq) 1S calculated:

dnormalized = || dnormalized | |

This normalized distance helps in assessing the collision risk, ensuring that if the velocity
direction of the obstacle and the drone intersect, a collision penalty is applied. Otherwise,
even if the obstacles are close to the drone, no collision penalty is imposed. This approach
allows for a more nuanced evaluation of potential collisions based on both proximity and

relative motion.

Tsurvive = ksurvivea (15)

The survival reward is a constant reward given for the drone’s survival.
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5. EXPERIMENTAL RESULTS

Figure 5.1 An example of an unsuccessful flight in a dynamic environment resulted in a collision.

Prior to the development of the main experimental framework, a preliminary evaluation was
conducted to determine the suitability of the Proximal Policy Optimization (PPO) algorithm
for drone navigation in environments laden with static obstacles. This initial phase was
critical as it utilized both drone state information and obstacle location data to train the
model, setting a foundational benchmark for subsequent experiments. The results from this
phase were encouraging, demonstrating that the PPO algorithm could effectively control

drone movements in a predictably static setting.

Following this initial success, the research focus shifted towards more complex, dynamic
environments where obstacles not only existed but moved with variable speeds and
directions. The retraining of the RL model under these new conditions aimed to test the
adaptability of the same architecture used previously in static environments. However,
the model’s performance during these trials was suboptimal; it struggled to maintain its
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efficacy in obstacle avoidance when confronted with unpredictably moving objects. Analysis
indicated that the drone’s response time was inadequate, likely due to the insufficient

processing of rapidly changing environmental data.

To enhance the model’s capability in dynamic settings, a significant modification was
introduced. The input data for the model training was expanded to include not only the
positions but also the velocities of obstacles. This additional layer of data was hypothesized
to provide the drone with a more comprehensive understanding of its environment, thereby
improving its predictive and reactive navigational responses. Upon retraining with this
augmented data set, the model demonstrated a marked improvement in managing scenarios

with moving obstacles, showcasing its robustness in more realistically chaotic conditions.

Policy Static Obstacle | Dynamic Obstacles | Successful | Training Time
PPO v X v Low
PPO v v X Low
Recurrent PPO v X v High
Recurrent PPO v v v High
PPO + Velocity v X v Low
PPO + Velocity v v v Low

Table 5.1 Performance comparison of PPO and Recurrent PPO policies under different settings.
The PPO algorithm with velocity information stands out as the solution that successfully
navigates both static and dynamic obstacles while maintaining relatively fast training times.

However, the practical application of this improved model in real-world scenarios introduced
another challenge the difficulty of obtaining real-time velocity data of surrounding obstacles.
To address this, a novel approach was proposed: leveraging the historical positional data
to infer the velocity of obstacles. This led to the adoption of a Long Short-Term Memory
(LSTM) based recurrent neural network architecture, effectively mimicking the processing

of velocity data.

An extensive training session was then conducted with the LSTM-based model in a
controlled environment populated with dynamic obstacles. The outcomes were promising;
the model not only met but in some respects, exceeded the performance benchmarks set by
its predecessors. It managed agile navigation without direct access to velocity data, relying
solely on the positional changes of obstacles, thus simplifying the data acquisition process
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in actual deployment scenarios. However, this sophisticated model required approximately
three times longer training periods compared to previous iterations, posing a significant

drawback in terms of efficiency.

Policy Name | Reward Value | Number of Steps Time
PPO 6.08 101.3M 21m 8s
Recurrent PPO 6.43 99.75M 1h 10m 36s

Table 5.2 Performance Comparison of PPO and Recurrent PPO Policies

The Table 5.2 shows that the training times of the Proximal Policy Optimization (PPO)
and its recurrent variant (Recurrent PPO). Both algorithms were trained over 100 million
iterations. The results indicate a significant difference in training durations; the PPO
algorithm completed its training in 21 minutes, whereas the Recurrent PPO required 1 hour
and 10 minutes to complete the same number of iterations. This constitutes a more than

threefold increase in training time for the Recurrent PPO compared to the standard PPO.

To overcome the extended training duration, an innovative solution was tested. The LSTM
model was subjected to an imitation learning process, using the velocity-trained PPO model
as a ‘teacher’. This approach aimed to compress the training time by directing the LSTM
model through pre-established successful navigation patterns derived from the PPO model.
The experiment yielded positive results, indicating that while there was a slight reduction
in overall model performance, the rate of training improved substantially, enabling quicker

deployment of the model in dynamic environments.

5.1. Performance Evaluation

In evaluating the performance of models designed for agile drone flight, our primary metrics
included the drone’s speed and the time it took to reach a target location. Higher speeds were
especially valued because the main goal was to achieve agile, efficient movement. Reaction
time also played a crucial role; this is the time it takes for the drone to respond to sensor
inputs and execute commands, impacting how quickly the drone can adjust to changes in its

environment.
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Metric Description

Speed Flight velocity measured in meters per second (m/s)
Time Process completion time in milliseconds (ms)
Success Rate  Percentage of trials successfully completed
Latency Measure of time delay in milliseconds (ms)

Table 5.3 Summary of Key Performance Metrics

To measure how well the drone navigated spaces with moving obstacles, we used a ”’success
rate” metric which was determined by the frequency of collisions during 10 experimental
trials. This rate is important as it helps gauge how reliably the drone can operate in varied,

unpredictable conditions.

It is important to note that performance metrics in real-world applications may vary due
to physical constraints of the drone, such as onboard hardware capabilities and battery
limitations. The number and closeness of obstacles also significantly affected the drone’s
performance. In simpler environments with fewer obstacles, the drone moved faster and
more efficiently. But as obstacle density increased, the drone slowed down, and it took
longer to reach its destination. The arrangement and movement of obstacles—Ilike their size

and speed—made navigating through them increasingly difficult

Method Type | Latency Hardware
Liu et al. [45] Control 160ms 3.4 GHz dual-core 17 Inte]l NUC
Burri et al. [46] Control | > 40ms | AscTec Firefly 2.4 GHz Controller
Chen et al. [47] Control | > 34ms | 3.20 GHz Intel Core 15-4570 CPU
Lopez et al. [48] Control | < 5.06ms 2.70GHz Intel Core i7-2620M

CL-RRT* [49] Control | > 650ms Intel Xeon 2.4GHz
FastPlanner [50] Control | 65.2ms 3.00 GHz 17-5500U
Reactive [51] Control | 19.1ms Intel i7 NUC
Agile autonomy [52] RL 10.3ms NVIDIA Jetson TX2
Y. Song et al. [2] RL 1.41ms N/A
Our method avg. RL 0.75ms GeForce RTX 4070 Ti

Table 5.4 Comparisons with other similar trajectory replanning methodologies. Courtesy of
Hasanzade et al.[1] and Y. Song et al. [2].

Table 5.4 illustrates the latency and hardware specifications of various trajectory replanning

methodologies. The data clearly highlights the limitations of classical methods in meeting
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the rapid response times required by high-speed/agile drone systems. These methods exhibit
significant latency, which is primarily attributed to their sequential architecture involving
perception, planning, and control stages, and their reliance on CPU-based processors.
This architectural approach and processing methodology result in considerable latency

differences.

In contrast, reinforcement learning based approaches leverage GPU-based graphics
processors to produce control outputs with substantially lower latency. Our proposed
solution, operating on significantly more capable hardware, demonstrates a marked
performance improvement. However, even when compared to classical methods, RL-based
approaches implemented on onboard Jetson hardware exhibit notable performance gains.
This underscores the superiority of RL-based methods in terms of latency, enabling more

efficient and responsive control for agile drone systems.

Policy Type Max Speed [m/s] Avg. Speed [m/s]
Y. Song et al. [2] 15.1 -

Agile autonomy [52] 13.0 5-10

Reactive [51] 12.0 -

FASTER [53] 7.8 -

Liu et al. [45] 4.0 -

RAPTOR [8] 341 2.14

Our Teacher (PPO) 27 +3.0 12.0+2.5

Our Student 23 +3.0 9.70£1.5
(RecurrentPPO)

Table 5.5 Comparison of different policy and methods performance.

Table 5.5 compares the performance of different policies based on maximum speed and
average speed metrics. Our model, particularly the Teacher (PPO) and Student (Recurrent
PPO), demonstrates a significant improvement in both metrics. Specifically, our Teacher
policy achieves a maximum speed of 27 m/s with an average speed of 12.0 m/s, while the
Student policy achieves a maximum speed of 23 m/s with an average speed of 9.7 m/s.
These results highlight that, in comparison to other trajectory re-planning methods, our
model consistently operates at substantially higher speeds. Although other studies like Y.

Song et al.[2] report similar velocities, they typically pertain to static environments. This
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distinction highlights the superiority of our approach in dynamic settings, where proficiency

in handling high-speed flights is imperative.

An important consideration when making these comparisons is the inherent differences
in the conditions under which the methods operate. These differences include the
hardware platforms used, whether the processing is performed on-board or off-board, and
the environments in which tests were conducted (indoor or outdoor). Additionally, the
performance capabilities of the drone systems, including the technical specifications of the
drone platforms, introduce further variability. These factors collectively hinder the ability to

make a fair and direct comparison of the results.

Policy Type Max Speed [m/s] Avg. Speed [m/s] | Success Rate [ %]
Safe Policy 6 £3.0 5.0£2.5 100%

Medium Policy 10 +3.0 6.5+2.5 80%=+ 10

Fast Policy 27 +£3.0 12.0£2.5 65%—+ 10

Table 5.6 Comparison of different policy settings.

Table 5.6 presents the performance of various configurations of the policy, focusing on three
different types: Safe Policy, Medium Policy, and Fast Policy. As indicated in the table, the
speed of the drone significantly influences the success rate. The Safe Policy, operating at
a maximum speed of 6 m/s and an average speed of 5 m/s, achieves a 100% success rate.
This suggests that lower speeds enhance the drone’s ability to navigate through obstacles

effectively.

The Medium Policy, with a maximum speed of 10 m/s and an average speed of 6.5 m/s,
shows a slightly reduced success rate of 80% + 10%. This demonstrates that while the drone
can still perform well at moderate speeds, there is a notable decrease in success compared to

the Safe Policy.

The Fast Policy, which allows the drone to reach a maximum speed of 27 m/s and an average
speed of 12 m/s, results in a significantly lower success rate of 65% + 10%. This indicates
that higher speeds compromise the drone’s navigational accuracy and increase the likelihood

of failure.
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This experiment was conducted in an environment containing 350 dynamic obstacles and
10 static obstacles. The number, size, and density of obstacles also impact the results. If
the obstacle density is sparse enough to allow the drone to maneuver freely, the drone tends
to produce more successful outcomes. Conversely, in environments with a high density of
obstacles, even if the total number is relatively small, the drone may struggle to achieve
the same success rate. Due to the lack of information about alternative methods, a fair

comparison is not feasible.

Policy Type Max Speed | Type Success Time [s]
[m/s] Rate [%]

Delft Dodgers [3] - Vision-based | 100% 20.56

Human [3] - - - 19.7

JSK Robotics [3] - State-based | 30%=+ 10 9.3 (best)

Our Teacher (PPO) 27 £3.0 State-based | 65%=+ 10 6.0 £ 0.5

Our Student 23 +3.0 State-based | 55%=+ 10 6.2+1.5

(RecurrentPPO)

Table 5.7 Comparison of different methods performance in the DodgeDrone Challenge [3].

Table 5.7 focuses on the performance of different methods within the specific context of
the DodgeDrone Challenge. Here, the success rate and completion time are also considered
alongside speed metrics. Our Teacher (PPO) policy again demonstrates superior performance
with a maximum speed of 27 m/s, an approximate 70% success rate, and an average
completion time of 6.0 seconds. The Student (Recurrent PPO) policy follows closely with
a maximum speed of 23 m/s, an approximate 60% success rate, and an average completion

time of 6.2 seconds.

In comparison, other participants like JSK Robotics and Delft Dodgers, despite their high
success rates, do not achieve the same speed efficiency. Notably, even if we assume
that the human participant has a high success rate, they exhibit a significantly inferior
completion time of 19.7 seconds. These findings illustrate the competitive edge of our models
in a challenging environment, demonstrating the practical feasibility and effectiveness of

advanced RL strategies for agile drone navigation.
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When examining the instances of failure, it is typically observed that errors occur as the
drone accelerates to high speeds in areas without obstacles and then encounters obstacles
while cruising at these high speeds. If the model can account for the frequency and risk
levels of obstacles in the environment, it can navigate at more appropriate speeds. As shown
in Table 5.6, the drone achieves a 100% success rate at cruising speeds of around 6 m/s, but
the success rate decreases as speed increases. While the objective is to achieve agile flight,

preventing inappropriate acceleration will enhance overall success.

5.2. Flight Dynamics and Rewards

Velocity Components over Time
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Figure 5.2 Velocity values of the drone in an environment with dynamic obstacles.

The Figure 5.2 provides insight into the drone’s maneuvers to avoid collisions. Initially,
there is a noticeable acceleration in the forward direction, which can be attributed to the
influence of the position reward mechanism, highlighting the drone’s initial speed increase.
This acceleration occurs because the drone receives higher rewards for forward positions,
motivating it to spend as much time as possible in forward locations. As the drone encounters

obstacles, it makes several adjustments in both the Y and Z axes. The variations in the Y-axis
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speed, in particular, show significant lateral movements to avoid collisions, while the changes

in the Z-axis speed reflect vertical adjustments.

Furthermore, the graph indicates moments where the drone slows down, likely to better
navigate through clusters of obstacles. As the drone approaches the end of the mapped area,
a deceleration is observed, suggesting a tendency to stop, possibly indicating the completion
of the navigation task or a deliberate pause to ensure safe stopping. Instead of ending the
iteration with a penalty of -1 for exiting the predefined area, the drone attempts to maximize

rewards by maneuvering within the forward position as much as possible.

Reward Components over Time
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Figure 5.3 Reward values of the drone during the drone’s forward movement.
The Figure 5.3 illustrates the reward values obtained by the drone throughout the iteration.
Generally, as time progresses (i.e., as the drone moves forward), an increasing trend in the

reward values can be observed. This indicates that the drone is effectively navigating through

the environment.

However, there are numerous fluctuations in the reward values. These variations are primarily

due to the “collision penalty” incurred when the drone approaches obstacles within a defined
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distance margin. Each downward spike in the reward value reflects the penalty applied,
indicating that the drone has approached an obstacle too closely. Following these penalties,
the reward values tend to rise again, indicating the drone’s corrective actions to avoid further

collisions and continue its forward movement.

This pattern highlights the dynamic nature of the drone’s navigation, where it constantly
adapts its path to maximize rewards while avoiding obstacles. The overall increasing trend
in rewards, despite occasional penalties, demonstrates the effectiveness of the drone’s policy

in learning and optimizing its trajectory in a challenging environment.
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6. CONCLUSION AND FUTURE WORK

This thesis explored the integration of Reinforcement Learning (RL) and Imitation Learning
(IL) to enable agile flight in dynamic environments. By leveraging the Proximal Policy
Optimization (PPO) algorithm, a teacher policy was developed that could navigate through
environments with both static and dynamic obstacles. The teacher policy utilized
comprehensive state information, including obstacle velocities, which significantly enhanced

its navigation capabilities.

To transfer this knowledge, Behavioral Cloning (BC) was employed to train a student policy.
The student policy, implemented using a Long Short-Term Memory (LSTM) based recurrent
neural network, was able to infer obstacle velocities indirectly from positional data. This
approach reduced the computational burden and allowed for effective navigation without
direct access to velocity information. The results demonstrated that the student policy
could achieve a high success rate in dynamic environments, albeit with some performance

trade-offs compared to the teacher policy.

Overall, the hybrid RL-IL framework proved effective in addressing the computational
challenges of agile flight and demonstrated the potential for real-time application in complex,
dynamic settings. The significant reduction in training time and improved robustness of the

student policy highlight the practicality of this approach for real-world drone navigation.

While this thesis demonstrated the efficacy of a state-based approach to drone navigation
using Reinforcement Learning (RL) and Imitation Learning (IL), several future directions

can further enhance the system’s capabilities and generalizability.

* Vision-Based and Perception-Aware Models: The current system relies on
state-based inputs for navigation. Future research should explore the integration
of vision-based inputs and develop perception-aware models that enable drones to
interpret and navigate environments using visual data and other sensory inputs.

Enhancing the perception capabilities of the drone is crucial for better obstacle
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detection and avoidance. By leveraging advanced computer vision techniques and
integrating sensory data from cameras, LiDAR, and other sensors, the system’s
adaptability to complex, unstructured environments can be significantly improved.
These models will enhance the drone’s ability to perceive and react to its surroundings,

leading to more robust and efficient navigation.

Generalizability of Vision-Based Models: One of the primary challenges with
vision-based navigation is the generalization problem. Future work should focus
on developing robust algorithms that can generalize across different environments
and conditions. This involves training models on diverse datasets and employing
techniques such as domain adaptation and transfer learning to ensure the system

performs reliably in new and unseen scenarios.

Combining State and Vision-Based Inputs: A hybrid approach that combines
state-based and vision-based inputs could leverage the strengths of both methods.
Such a system would utilize state information for precise control and navigation,
while visual data would provide contextual awareness and obstacle detection. This

combination can enhance overall performance and robustness.

Advanced Reward Functions: Future research can explore more sophisticated reward
functions that incorporate visual and state-based information. These reward functions
can be designed to encourage smoother trajectories, reduce oscillatory movements, and

improve obstacle avoidance, leading to more efficient and agile flight.

Real-World Testing and Deployment: Implementing and testing the developed
models on actual drones in real-world environments will be critical. This involves
addressing hardware constraints, ensuring reliable sensor integration, and validating
the system’s performance under varying conditions. Real-world testing will provide

valuable insights into the practical challenges and limitations of the models.

49



By addressing these areas, future research can significantly advance the field of autonomous
drone navigation, making drones more versatile, efficient, and capable of operating in diverse

and challenging environments.
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