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Abstract

In this paper, we propose a time-varying proportional navigation guidance law that determines the proportional
navigation gain in real-time according to the operating situation. When intercepting a target, an unidentified evasion
strategy causes a loss of optimality. To compensate for this problem, proper proportional navigation gain is derived
at every time step by solving an optimal control problem with the inferred evader's strategy. Recently, deep
reinforcement learning algorithms are introduced to deal with complex optimal control problem efficiently. We
adapt the actor-critic method to build a proportional navigation gain network and the network is trained by the
Proximal Policy Optimization(PPO) algorithm to learn an evasion strategy of the target. Numerical experiments

show the effectiveness and optimality of the proposed method.
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Table 3. Initial states

Initial State of Evader Evasive
Case
z[km] | ylkm] | wlrad] | Mmaneuver
Case 1 | 4.0000 | 0.0000 | -1.5708 X
Case 2 | 3.2438 2.7690 | -1.5805 O
Case 3 | 3.7606 | -0.0430 | 0.0153 O
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