MEQHHWEES==X| Vol. 7, No. 4, pp. 29-34, 2021 https://doi.org/10.20465/KI0TS.2021.7.4.029

S &golxe] ZefelasS 28et ZHIY 229
o= =

0|z
GEHOIS St AO|HEHAE

Obstacle Avoidance of Mobile Robot Using Reinforcement Learning
in Virtual Environment

Jong-lark Lee’

Professor, Division of Cyber Security, YeungNam University College

o A gFoM 2io] FoetEE A8l HsiMe sE2 B ghgo] BastER T @A 9] AlEdeld

Q

2 8T el k. B U4 ALgIRE E3o] AARFS HEIE AT U A Aol B B L
22 AgHe AL olele olth, B ATNAL Mg HEANS 7T Ak Bok 23] PohE ST 2]
BAO] oFsi5E M 85H] gIstel 7Hge] ABHoIH BHORA Unityol Al AFSHe 5kehe X 2Jel ML-Agent
£ B8 FIHE FNIZOZAH ML-Agentol Al AFSH DONE AFEHAOT, ol BEstol S 2t
2 A4 2Rol 488 £ 23 187 FE 147} 23] ofske WSk AE 2 & AU

FHO : mutdEE A5}k, ML-agent

Abstract In order to apply reinforcement learning to a robot in a real environment, it is necessary to
use simulation in a virtual environment because numerous iterative learning is required. In addition, it
is difficult to apply a learning algorithm that requires a lot of computation for a robot with low-spec.
hardware. In this study, ML-Agent, a reinforcement learning frame provided by Unity, was used as a
virtual simulation environment to apply reinforcement learning to the obstacle collision avoidance
problem of mobile robots with low-spec hardware. A DQN supported by ML-Agent is adopted as a
reinforcement learning algorithm and the results for a real robot show that the number of collisions

occurred less then 2 times per minute.
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(Table 1) Key terminology of Reinforcement Learning

Terminology definition

the state that the robot perceives through its

state -
surroundings

the action how the robot will behave in a particular

action state

the reward expected when the robot performs a

reward specific action in a specific state

environment

| state(s)
new learnin
. ~reward(r) - &
environment system
action(a)

[Fig. 1] Process of Reinforcement Learning
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[Fig. 2] 3-layer NNQL model
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[Fig. 4] Appearance of Mobile Robot
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(Table 3) 5 Actions of Mobile Robot

[Fig. 3] Overall System Structure action definition
go() move forward
Table 2) Overall Process of Experiment
€ ? b back() move backward
1. Configure real environment and check the measured values turnLeft() turn left
2. Configure virtual environment reflected the real environment - -
3. Training in the virtual environment to make model turnRight() turn right
4. Convert the model to using in the real environment
5. Apply the model to the real environment stop() stop
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[Fig. 6] Simulation in virtual environment
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[Fig. 7] Trajectory of Virtual mobile robot
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[Fig. 8] Structure of DQN model
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[Fig. 9] Robot trajectory

(Table 4> number of collision after Experiments

) number of collision
environment - -
without obstacles with obstacles
virtual 0 0
real 1 2
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