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Intelligent decision making and target assignment of multi-aircraft air combat based on
the LSTM-PPO algorithm
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ABSTRACT With the rapid development of intelligent and informationized air battlefields, intelligent air combat has increasingly
become key to affecting the outcome of a battlefield. In conventional multi-aircraft air combat, there are issues of low efficiency in
intelligent decision-making, difficulty in meeting the needs of complex air combat environments, and unreasonable target allocation. In
response to the problems in conventional multi-aircraft air combat, we introduce a long short-term memory—proximal policy
optimization algorithm (LSTM—PPO). Using the long short-term memory network to extract features and perceive the situation of the
state, an intelligent agent trains the normalized and feature-fused state information residual network and value network, chooses the
optimal action through the proximal policy optimization strategy based on the current situation, and embeds a reward function containing
expert knowledge during the training process to solve the problem of sparse rewards. Meanwhile, a target allocation algorithm based on
threat value calculation is presented. Using angle, speed, and height threat values as the basis for target allocation, the ID of the target
aircraft with the highest threat value on the battlefield is calculated in real-time. When the strategy network outputs an action of attack, it
conducts target allocation. To confirm the effectiveness of the algorithm, we carried out 4v4 multi-aircraft air combat experiments in a
digital twin simulation environment built by our research group. The red team consists of reinforcement learning agents based on
LSTM-PPO algorithm, whereas the blue team comprises a finite state machine composed of expert knowledge bases. After more than

1200 rounds of aerial confrontation, the algorithm has been converged, and the win rate of the red team has reached 82%. Furthermore,
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we assessed the performance of four other mainstream reinforcement learning algorithms in 4v4 air combat experiments under the same

experimental conditions. It is shown that the deep Q-network (DQN) and soft actor-critic (SAC) algorithms have difficulties in dealing

with high-dimensional continuous action spaces and multiagent collaboration. The multi-agent deep deterministic policy gradient

algorithm (MADDPG) employs a multi-agent strategy and cooperative training, so it exhibits a significantly higher win rate than the

DQN and SAC algorithms. The multi-agent proximal policy optimization (MAPPO) algorithm has a relatively high failure rate and is not

stable enough to deal with enemy aircraft’s strategies in some cases. The LSTM—-PPO algorithm shows a significantly higher win rate

than other mainstream reinforcement learning algorithms in multi-aircraft collaborative air combat, which confirms the effectiveness of

the LSTM-PPO algorithm in dealing with high-dimensional continuous action spaces and multi-aircraft collaborative operations.

KEY WORDS multi-aircraft air combat; intelligent decision; proximal policy optimization; threat assessment; dynamic target

assignment
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Fig.1 Basic model of air combat
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Table 1 Action design
Type Parameter Description
Straight Target pitch angle A straight flight is a steady, horizontal, and continuous straight flight.
Track Target location and bearing Tracking the behav19r of observing a target and appro.achmg its location to achieve
continuous observation and contact with the target.
Hover Roll and pitch The act of continuously rotating and circulating in a confined space.
Loop Pitch A somersault is the act of turning and tumbling rapidly in the air.
Attack Target prediction position An attack is the act of violating, attacking, and causing harm to a target by means of action,
force, or weapons.
. . Avoidance is the taking of measures and actions to avoid or circumvent potential threats,
Escape Alarm information

dangers, or attacks.
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Table 2 Node event reward design

Name Reward Value Description

Hit +100 The missile hit the enemy target.
Lose —100 Hit by an enemy missile.
Tie -10 The remaining fighters on both sides are 0.
crash -100 Their plane hit the ground and crashed.
Scanning +10 Radar picked up enemy aircraft.
Escape +10 Successfully evaded the missile at close range.
Past +10 Close pass and contact with enemy aircraft.
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