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Abstract: In order to provide technology means for real —time monitoring and health management of the overall performance of
aeroengine,a method based on Kernel Principal Component Analysis(KPCA )and Deep Belief Network (DBN)was proposed to construct the
baseline model of aeroengine exhaust gas temperature. The Quick Access Recorder (QAR)data generated by the aircraft equipped with
CFM56-7B engine in the course of operation was taken as the original data sample. The KPCA was used to reduce the dimension,the
Gaussian function was selected as the kernel function,and the reduced data was used as the input of the DBN. The EGT baseline model of
aeroengine is established,and the validity and correctness of the model are verified by a large number of QAR data. Compared with the
traditional neural network modeling method,the proposed modeling method not only reduces the complexity of the network structure,but
also improves the accuracy of the model.
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