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Abstract
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A new neural paradign called diagonal recurrent neural nework ( DRNN) and Gradient Decent M ethod

(GDM ) were presented A multivariable decoupling control algorithm based on the diagonal recurrent neural netvork w as used

for aerengine control A generalized GDM was developed and used to train diagonal recurrent neuroidentifier The anphasis

was focused on the research of the algorithm and the properties of the controller  aswell as their application to aemengne con-

trol by canputer smulation Finally the aeroengine control system based on DRNN was designed Simulation shows that the

systan has fine perfom ance of decoupling and adaptive capabilities
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Fig 1 Architecture of diagonal

recurrent neural network
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Fig 2 Block diagram of control systan based on DRNN
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Fig.3 Step response of n, at
Mach 0 and 0 km

Fig.4 Step response of T, at
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Fig.6 Step response of T, at
Mach 0.9 and 9 km
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Fig.8 Step response of T, at
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