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Abstract; With the development of computer deep learning theory and the enhancement of the demand for intelligent fault diagnosis
and operation and maintenance of key equipment in the field of aviation , the monitoring and evaluation method of the operating state of
acro-engine based on deep learning has become an important guarantee for the safe operation of aircraft. Due to the complexity of the
mechanical structure of the aero-engine and the high-speed operation of the bearings in a harsh environment such as high temperature
and high pressure,there are problems such as multi-scale and non-linearity in the fault characteristic information, which makes it diffi-
cult to effectively identify and analyze and diagnose the fault signals. Therefore, this paper proposes a CAE-LSTM-based fault diagno-
sis method for airframe bearings, which firstly utilizes the improved Convolutional Autoencoder { CAE) to perform downscaling and
feature extraction for high-dimensional vibration signals, and then inputs the extracted features into the Long Short-Term Memory
(LSTM) classification network. Memory (LSTM) classifier for fault type identification,thus improving the accuracy and robustness
of bearing fault classification. The experimental results show that the method proposed in this paper can effectively learn the dynamic
features in the aircraft bearing sensing signal sequence and improve the accuracy and intelligence of aircraft bearing fault diagnosis.

Keywords : acro-engine ;convolutional autoencoder;long short-term memory ; feature extraction;fault diagnosis
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Fig.1 Schematic diagram of different forms of bearings
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Table 3 Comparative experimental results
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