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An Autonomous Decision-making Method for Beyond Visual Range Air Combat

Driven by Deep Reinforcement Learning

LV Mao-Long"? WANG Jin-He’ HAN Hao-Ran® DING Chen-Bo®* WAN Lu-Jun'

Abstract With the rapid development of airborne sensor technologies and medium-to-long-range air-to-air missile
technologies, beyond visual range air combat has become the dominant form of modern air warfare. In such a com-
plex and dynamic operational environment, the development of intelligent technologies capable of real-time battle-
field situation awareness and rational maneuver decision-making has emerged as a research hotspot in the field of mi-
litary technology. First, a high-fidelity simulation environment is constructed, encompassing a six-degree-of-freedom
aircraft dynamics model, a missile guidance system model, and a radar sensor system. Subsequently, integrating im-
itation learning and self-play methods, an opponent-learning-based air combat decision-making framework is pro-
posed to address the poor adaptability and generalization of deep reinforcement learning in aerial combat, thereby en-
hancing the agent’s ability to rapidly adapt and optimize strategies in complex and variable battlefield environ-
ments. Finally, ten expert systems with significant tactical differences are developed to engage in game-based confron-
tations with the agent within the high-fidelity air combat simulation platform. The results demonstrate that the propo-
sed decision-making framework significantly outperform traditional deep reinforcement learning strategies in key met-
rics such as convergence speed and winning rate, exhibiting strong effectiveness and generalization. This work can pro-
vide technical support for the rapid generation of reliable strategies in complex beyond visual range air combat scenarios.
Keywords deep reinforcement learning; opponent learning; beyond visual range air combat; intelligent control
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Table 1  Parameters of radar sensors
v R AZ Lk ik
AR T (kW) 30 22 —
SR IE (kW) — — 1
W7 T IE AT AL (m?) 4 4 —
KGRI (dBi) 42 38 20
AR 55 (dBi) 42 38 30
fF5 K (m) 0.037 0.032 0.024
TifF (%) [-120, 120]  [-60, 60]  [-180, 180]
AR (°) [-60, 60] [-15, 15] [-90, 90]
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Fig.2  The operating range of radar sensors
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Fig.3 Illustration of a hybrid action space



3 3 FUR RS TR AL 27 > KB R L BE 22 i B R R SRTTVE 515

w2 HMARELRIEE

®3 REhFEMEREBT

Table 2 Tactical command layer action set Table 3 Reward event and value design
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Fig.4 A timeline diagram of BVR
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