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Fig. 1 Three dimensional model of skipping missile
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Fig. 2 Force analysis of missile
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Table 1 Simulation parameters of missile skipping flight
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Fig. 3 Diagram of skipping flight of missile
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Fig. 4 Training model of DQN (DDQN) algorithm
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Fig. 5 Training model of NEO-DDQN algorithm
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B S A R R 2R R . MRS
BESHmEI PR, Hh BEE L REZ2Y
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Table 3 Parameters of network structure
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Table 4 Parameters of NEO-DDQN algorithm
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Fig. 6 Training iteration for 5 learning rates
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Table S Final range convergence values of 5 learning rates

IR el ff/m
0.001 745 654
0.01 781434
0.1 774 864
0.2 743 651
0.5 746 867
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n, BRI F A ECR epoch B, R R BN 1 26156 I
] 0.05,
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Fig. 7 Training iteration under 5 greedy strategies

&6 5TMTHLRMEREMIZRIEE
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overload and restraint for three algorithms
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Trajectory optimization algorithm of skipping missile based on deep
reinforcement learning

GONG Kaiqi', WEI Hongkui’, LI Jiawei’, SONG Xiao" ", LI Yong', LI Yixin’, ZHANG Yue’

(1. School of Cyber Science and Technology, Beihang University, Beijing 100191, China;
2. Beijing Institute of Electronic System Engineering, Beijing 100191, China)

Abstract: The skipping flight process of the skipping missile can be modeled as a set of time-varying nonlinear
differential equations which cannot be solved analytically. Therefore, it brings great difficulties to optimize the
trajectory optimization of the skipping missile. To solve this problem, a deep reinforcement learning trajectory
optimization method based on double deep Q-network (DDQN) is proposed to maximize the range of the missile
under certain constraints of heat flux, dynamic pressure, and overload. The procedure of this method is as follows.
Firstly, the action space, state space, and reward function of the algorithm are designed. The appropriate greedy
strategy is then determind, along with the learning rate, an important algorithmic parameter. Further, the network
optimization (NEO) strategy is introduced and then the NEO-DDQN algorithm is proposed. Finally, comparison
experiments with the optional constant angle of attack (OCAOA) scheme and genetic algorithm (GA) are designed.
Results show that the network optimization strategy effectively improves the stability of the algorithm and increases
the flight range by 2.52%. Compared with OCAOA scheme and GA, the NEO-DDQN method improves the range of
skipping missiles by 2.61% and 1.33% respectively. In addition, the proposed method successfully avoids directly
dealing with complex nonlinear differential equations and innovatively provides a learning-based method for the
trajectory optimization of the missile.

Keywords: missile; skipping flight; trajectory optimization; deep reinforcement learning; network optimization
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