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Sensor Fault Detection and Isolation of a Turbojet Engine
Using Neural Network
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Abstract

In this paper, we designed an intelligent fault detection and isolation algorithm for improving
reliability of turbojet engine controller. The proposed method uses multilayer neural network to detect
and accommodate sensor failure from the functional relationship of dissimilar sensors. Signals of failure
sensors are estimated from neural network trained by backpropagation algorithm, Simulation results on
the state-space model of a turbojet engine illustrate that the proposed algorithm achieves the desired
performance.
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Fig. 2. Fault detection and isolation system block diagram.
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Isolation of the failed sensor
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Fig. 4. Multilayer neural network for sensor validation.
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