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Abstract: As aviation input-stage spiral bevel gears are often in high—speed and heavy—-load conditions, and the acquired vibration
signals have strong nonlinear and non - stationary characteristics, it is difficult to extract fault characteristics. To overcome the
difficulty, the fault diagnosis of input-stage spiral bevel gears is studied by the automatic feature extraction method of stack sparse
autoencoder and the classifier . The input-level spiral bevel gear fault diagnosis simulation test bench was built, the normal and faulty
gear functions were tested, multiple SAEs were stacked to form SSAE, spiral bevel gear fault characteristics were extracted layer by
layer, and themulti-classifier was applied to complete fault diagnosis. The results show that the effective rate of the input-stage
spiral bevel gear fault identification results of this method can reach 100%, which provides effective means for the failure analysis of

spiral bevel gears.
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