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Abstract:
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Associated with the characteristic of nonlinear, recessive and uncertain of model, a kind of aeroengine adaptive conr

trol scheme based on adaline network was presented. Two layered linear adaline network were used hoth in the neural estimator and

nueral controller. The weight was updated using Widrow=-Hoff delta rule. Simulation results show that the scheme has the advantage of

briefness, stability and better reaktime ability. It can be used on the orrline control of aeroengine throughout the full flight envelope.
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Fig.3 Neural controller
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Fig. 4 Curve of aeroengine rotor Fig.5 Curve of aeroengine fuel

speed with reference input signal mass flow with time
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