i&
)
4

Check for

updates
JEMSE, 30(6), pp. 2036~2042, 2018. www.ksfme.or.kr
Ml smFAT HM30H Moz, SH963, 2018. https://doi.org/10.13000/JFMSE.2018.12.30.6.2036

AL 7PEE o 8% A& 238 AT

ol <o
=2 & =2t

A Study on the Autonomous Navigation using AI Method

Won-Ouk KIMF

Korea Institute of Maritime and Fisheries Technology(professor)

Abstract

Autonomous ship led by private company will start commercial navigation in Europe 2020. In response
to this trend, IMO defines 4 stage of autonomous ship as MASS(Maritime Autonomous Surface Ship) and
is discussing details now. Korea Government is undergone feasibility studies as of 2018. As the first stage,
Ulsan city was finally selected as the “Development Project of Smart Autonomous Ship Trial Center”. In
other words, emergence and development of autonomous ship became the keyword of the 4th Industrial
Revolution in maritime field. But from the operator’s point of view, there are many problems to be solved
for the autonomous ship. Most of the marine accident are occupied by conflicts. Autonomous ship should
solve this problems especially how to apply COLREG. Hence, this study will research collision avoid
methods using Al(Artificial Intelligence) techniques. Autonomous navigation method of ship was
experimented using the Reinforcement Learning technique “Q-Learning” which is famous because of
Google' famous Al “Alpago”. To avoiding moving obstacles and calculate the safe route, Al techniques
was applied. Sailing vessels should be analyzed in real time, however it takes quite long time to calculate
because of nature of AIl. For the future research, optimization of hardware and software and proper
estimation of appropriate learning number is needed.
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[Fig. 11] Result of Fixed Obstacle using
Reinforcement Learning (300)
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