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Effectiveness Evaluation Method of Air-combat Based on Bayesian Networks
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(College of Aeronautics and Astronautics Engineering. Air Force Engineering University. Xi’an 710038, China)

Abstract: Bayesian network(BN) is a mathematical model based on probabilistic reasoning, which have a great
advantages in solving the uncertainties between complex systems. Because of the complexity and uncertainty in
air-combat, aiming at the problems in effectiveness evaluation, combined with the air-combat theory and reality,
the effectiveness evaluation model of air-combat based on BN is build, the effectiveness evaluation method of air-

combat based on BN is given, and simulation analysis is carried out. The results show that the model is valid

and accurate, and the method is of a strong learning and reasoning ability.
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Fig. 1 Flow chart of Bayesian effectiveness evaluation
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Fig. 2 Bayesian effectiveness evaluation network module
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Fig. 9 Combat effectiveness with new evidence
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