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ABSTRACT

Recently, research on integrated automation technology for intelligent mission support systems for submarines
is being actively conducted in order to maximize combat performance based on future cutting-edge technologies
in the submarine system. In particular, advanced technology for submarine torpedo counter measure tactics
studies counter measure tactics according to changes in the performance of enemy torpedoes and decoy aircraft.
In general, the speed of a torpedo is much faster than that of a submarine, so quick and accurate calculations
are necessary because it is an emergency situation. Accordingly, in this paper, we apply reinforcement learning,
one of the machine learning methods, to calculate enemy torpedo counter measure tactics that can respond to
any situation and propose a torpedo counter measure tactic algorithm that can select an evasive course for the
ship. We apply a reinforcement learning algorithm that can adapt to various variables that may occur in the
maritime environment, and through this, we evaluate the excellence of the algorithm and present its

applicability to torpedo counter measure tactics in an actual maritime environment.
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