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Fault Diagnosis of Aeroengine Control System Based on RDK-ELM
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(College of Energy and Power Engineering, Nanjing University of Aeronautics & Astronautics, Nanjing 210016, China)

Abstract: In order to maintain the high diagnostic accuracy and shorten the training time,a method of Reduced Deep Kernel Extreme
Learning Machine (RDK-ELM)was proposed for meeting the needs of aeroengine fault diagnosis for real-time and high diagnostic rate.
Partial data was selected randomly as support vector in the input data. The feature extraction of the input sample was accomplished by
combining the multi-layer structure of the deep learning network. The high—dimensional spatial mapping classification was realized by

kernel function. Digital simulation shows that the algorithm has high classification accuracy and short training time,and can be applied to

fault diagnosis of aeroengine control system.
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