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Multivariable adaptive decoupling control based
on auto-tuning neuronsfor aeroengine
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Northwestern Polytechnical University ,Xi’ an 710072 ,China;
2 School of Electronics and Information ,
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Abstract : According to'the requirements of aeroengine performance control , a new neu-
ral network called auto-tuning neurons and gradient descent learning method are presented.
A multivariable decoupling control algorithm based on the auto-tuning neurons is used for
aeroengine multivariable control systemsin thispaper. The main diff erence between an auto-
tuning neuron and a general neuron is that there are adjustable parameters of the activation
function used in an auto-tuning neuron. Unlike traditional fully connected neural network,
there are no synaptic connections among the independent neurons. The emphassisfocused
on the research of the algorithm and the properties of the controller , aswell asther applica
tion to the aeroengine control by meansof computer smulation. Finally the aeroengine mult-
ivariable control system is desgned. Smulation shows that the system has perfect perform-
ance of decoupling and adaptive capabilities.

Key words: aerospace propulson system; aroengine; auto-tuning neurons;
multivariable control ; decoupling control ; adaptive control
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Fig.3 Block diagram of control system based on
auto-tuning neuron
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