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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

3. NNQLE &8¢t ZHIY 22 Foli= =[]

870 ek

S 2g3te] 44 mute 2ol

]X*OH =2 Yol=S ske =19 EA14+= Unityoll

A A5sk= ML-AgentE &-85H7|2 S}, E3F Wu}
4 2RO TS HdAe ML-AgentolA AlZot=
DQN(Deep Q network)e ARESHE] JHAAE 374
Hakst HHtd 28-S ARESH|Z gtk o] st AlA
do] 4L [Fig. 313 &t AA 238 AlEFold &
% Q= 7MY &74(Virtual Environment) 2E3}, 7MY
AT AEAES B6 BdS BAcke A gk
(Reinforce ment Learning) EZ F/d%ct. ESEH o]
gt 2719] e B AA B (Real World)ollAl A
235} P8 AT & oS LHpel ZXHo| o]Alste] A




32 AEBQIEUgEEE=EX H7H M4, 2021

A BN ABHES Bt

Model Generate Environment

[ Virtual Environment HI
i P
! - e { Desired action _.
Setting e
—_ Training action
ESNG),
1 i )
. |

Reinforcement Learning

Environment

|” Real World

— | Judgement [ — |  Action

Real Operation Environment

‘tit_lf-

[front]

[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
7V BAOIN 23o] URket U5

& ZRsIgoH, off 1YL My &
99 A4e] oAg Hojzr)

EEDEESS
Aol 229]

[Fig. 7] Trajectory of Virtual mobile robot
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[Fig. 8] Structure of DQN model
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With obstacles

[Fig. 9-(a)]
Without obstacles

[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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