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The threat of North Korea's long-range firepower is recognized as a typical asymmetric threat, and South Korea is prioritizing
the development of a Korean-style missile defense system to defend against it. To address this, previous research modeled North
Korean long-range artillery attacks as a Markov Decision Process (MDP) and used Approximate Dynamic Programming as an
algorithm for missile defense, but due to its limitations, there is an intention to apply deep reinforcement learning techniques
that incorporate deep learning. In this paper, we aim to develop a missile defense system algorithm by applying a modified
DQN with multi-agent-based deep reinforcement learning techniques. Through this, we have researched to ensure an efficient
missile defense system can be implemented considering the style of attacks in recent wars, such as how effectively it can respond
to enemy missile attacks, and have proven that the results learned through deep reinforcement learning show superior outcomes.
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Algorithm 1 Deep Q-learning with Experience Replay

Initialize replay memory D to capacity N
Initialize action-value function Q with random weights
for episode = 1, M do
Initialize sequence s = {x;} and preprocessed sequenced ¢ = d(s1)
fort =1, T do
With probability ¢ select a random action a;
otherwise select a, = max, Q*(¢(s)), a; ©)
Execute action a; in emulator and observe reward r;
and image xt1
Set sw1 = 8, &, Xw1 and preprocess Os1 = O(Se+1)
Store transition (d, ai, 1, ¢w1) in D
Sample random minibatch of transitions (dy, aj, rj, dj+1)
from D
Set yj = {
I for terminal ¢
1 + ¥ maxy Q(d1, a; ©) for non-terminal dy+
}
Perform a gradient descent step on (y; - Q(dj, aj; 9))2
end for
end for

<Figure 4> DQN Algorithm for Deep Reinforcement Learning
Application [15]
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Asset1 Asset2 Asset3

Average 0.8628 0.8642 0.8276
Standard Deviation 0.1180 0.0855 0.0781
Minimum Value 0.4584 0.5134 0.5404

25 percentile 0.8299 0.8265 0.7631
Median 0.9025 0.8574 0.8574

75 percentile 0.9602 0.9263 0.8897
Maximum Value 1.0000 1.0000 1.0000
95% Confidence Interval [0088; 4133]’ [()95;9931]’ [(;).88319592]’
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