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Maneuver decision of UCAYV in air combat based on deep
reinforcement learning
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Abstract; When an unmanned combat aerial vehicle (UCAV) is making the decision of autonomous maneuver in
air combat, it faces large-scale calculation and is susceptible to the uncertain manipulation of the enemy. To tackle
such problems, a decision-making model for autonomous maneuver of UCAV in air combat was proposed based on
deep reinforcement learning algorithm in this study. With this algorithm, the UCAV can autonomously make
maneuver decisions during air combat to achieve dominant position. First, based on the aircraft control system, a
six-degree-of-freedom UCAV model was built using MATLAB/Simulink simulation platform, and the appropriate air
combat action was selected as the maneuver output. On this basis, the decision-making model for the autonomous
maneuver of UCAV in air combat was designed. Through the relative movement of both sides, the operational
evaluation model was constructed. The range of the missile attack area was analyzed, and the corresponding
advantage function was taken as the evaluation basis of the deep reinforcement learning. Then, the UCAV was
trained by stages from the easy to the difficult, and the optimal maneuver control command was analyzed by
investigating the deep Q network. Thereby, the UCAV could select corresponding maneuver actions in different
situations and evaluate the battlefield situation independently, making tactical decisions and achieving the purpose
of improving combat effectiveness. Simulation results suggest that the proposed method can make UCAV choose the
tactical action independently in air combat and reach the dominant position quickly, which greatly improves the
combat efficiency of the UCAV.

Keywords: unmanned combat aerial vehicle (UCAV); deep reinforcement learning; autonomous maneuver

decision in air combat; six-degree-of-freedom; advantage function; deep Q network
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Fig.2 UCAV autonomous decision module
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Fig.3 Basic framework of reinforcement learning
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Fig.5 Basic maneuver library
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Fig.7 Decision time per second of simulation
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Tab.2 Initial positions of the first and the second training
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Fig. 8 Stereo trajectory of both sides at the first training
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Fig. 10 Average reward values at the first training
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Fig. 12 Average reward values at the second training
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Tab.3 Initial positions of the third training
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Fig. 13 Stereo trajectory of both sides at the third training
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