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Multivariable decoupling control of aeroengine based on QDRNN

LI Hua cong, RONG Lrye, ZHU-Yubin
(School of Power and Energy, Northwestern Polytechnical-University\, X1 an 710072, China)

Abstract: Through analysis of QDRNN ( quasrt diagenal recurrent\neural network) and
GMD (gradient decent method), -a multivariable decoupling PID ( proportional integral, dif-
ferential) control system based on Q-DRN N was_presented to_resolve the complex nonlinear
model of aeroengine. \The structure-and principle of the algorithm were also illustrated
through simulation ‘of design points-and norr design points. The research results show that, a
multivariable decoupling PID control system-based on QDRNN is welk suited for decoupling

of variables in dualvariable control system.

Key words: aerospace propulsion system; aeroengine; quastdiagonal recurrent neural

network (QDRNN); multivariable control; decoupling control
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Figl Structure of QDRNN
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