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An Identification Method of Flight Data Model Based on Dynamic
Fuzzy Neural Network

ZHANG Liang, ZHANG Feng - ming, HUI Xiao - bin, MAO Hong - bao
(The Engineering Institute, Air Force Engineering University, Xian 710038, Shaanxi, China)

Abstract: With regard to the characteristics of flight data, a new identification method of flight data model based on
dynamic fuzzy neural network is presented. By on - line learning, the proposed DFNN is learned for a compact net-
work with better generalization abilify. The network structure is learned by means of adding or pruning a new neu-
ron, furthermore, the linear parameters as network weights are gained based on the recursive least squares algo-
rithm. Through a great number of observations in a certain sortie, the DFNN method is applied to the identification
of the association model of flight data. The test results show that the method is of faster constringency and better
generalization.
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