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Chang-Hun Ji*, Youn-Hee Han', Sung-Tae Moon’

r

N b

T
T
e}

ACh
d
:
o

2o ARgo] SrkelA =2 AH AN daels vt e ARE glvk =8 A A g
o= 3¥E wejshdA AAZE A4 A A
Ak 54 BelA kst meHel AHE sk, o 2
9 BolFieh IR, =2e] A 8 diiie] =8 A A4 el =2o AW Sme) FHd
7HEREE sletledl slo] vlad U2 AR AlgRich o]d S el slele] Algke =] aeAd A
= AR 2 =telxds AT Atk sk A S aed E%ﬂ Ao &= sleteleeh 3o
&= Ipele S AAshe Al AR 7 o5 ety o] daelEE ARl Aljkse A
A7l 7 A slbelE Aol dare|Fellr] ATA Ak *H A% elleld e AXZE &
Jefate] o S= seprlee} Ho rEE sleplels AAsla a8l AT dleldEs o] #8sle] A
A At =3, A S} o) rEEES sk BE =8 A A dae]Fel A8 7hsst
[EHloldS Bl ASA AT 7N e deblE Al daelEs 8] =2 A A 4
§°1 7IERE; Hold Aol S, AR Ao, BR Fres 7KL SeE HofErk

o=
o,
ﬂF
P
ftlo
I
p
ot
v
r
.
ES)

1.

SN
rN t:HJ
m\

m rlo

°§
oL

N
E

ol OIN’
o

F-TL

A

j‘i_‘ll

Key Words : Drone Autonomous Flight, Drone Trajectory Generation Algorithm, Hierarchical Deep
Reinforcement Learning

ABSTRACT

With the increasing use of drones, research on drone trajectory generation algorithms has gained significant
momentum. These algorithms aim to generate real-time trajectories while considering obstacle avoidance. Recent
advancements have shown promising results in generating safe and efficient trajectories in complex dynamic

environments, such as forests, as well as controlling multiple drones simultaneously. However, most existing
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drone trajectory generation algorithms impose limitations on the maximum speed and acceleration parameters to

ensure drone stability. These restrictions on speed-related parameters hinder the efficiency and practicality of

drones. In this paper, we propose a novel approach called “Hierarchical Deep Reinforcement Learning-Based

Active Parameter Control Algorithm” that addresses this limitation. This algorithm dynamically sets the

maximum speed and acceleration parameters of a drone based on the real-time environment using a

hierarchical reinforcement learning framework. The upper layer agent in the hierarchy is responsible for

adjusting the maximum speed and acceleration parameters considering the current environmental conditions. The

lower layer agent then utilizes these parameters to generate a real-time trajectory. Notably, this approach can

be applied to all drone trajectory generation algorithms that involve setting maximum speed and maximum

acceleration. Through extensive simulations, we demonstrate that applying the proposed algorithm to drone

trajectory generation algorithms results in superior performance in terms of speed, path length, and path

smoothness. These improvements showcase the potential of our approach in enhancing the efficiency and

overall capabilities of drones operating in complex and dynamic environments.
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Fig. 1. The proposed algorithm framework based on
hierarchical deep reinforcement learning
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Algorithm 1: Proposed Algorithm
G: global target
O: environment surrounding the drone
P: position of drone
Tg: actor of SAC
Qy: critic of SAC (state action value function)
B: replay memory

inialize B
Set G
repeat
foreach each episode do
foreach each episode step do
MaazVely, MaxAccy ~ mg(0y) 5 // high level agent
/* low level agent starts */
T = EgoSwarm(MazVel;, MazAcc,, G, Oy)
foreach ¢ second do
P ~ MoveDroneAlongTraj(T")
CheckCollision(P)
/* low level agent ends */
Oy41 ~ DroneSensor(P)
B« BU (O, (MazVel;, Maz Acct), e, Ory1)

foreach the number of training do
| Training SAC agent (i.e. 74 and Qp)

until Drone Reach G;
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Fig. 2. Pseudocode of proposed algorithm
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