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Fault diagnosis method of small sample gear and
bearing based on Triplet Network

XIE You-sheng, ZHANG Jun
(School of Artificial Intelligence, Anhui University of Science and Technology, Huainan 232001, China)

Abstract: A fault diagnosis method of typical parts of mechanical equipment( gear, bearing) based on Triplet Network was proposed,for the
problem that the fault diagnosis accuracy of deep neural network in typical parts of mechanical equipment( gear bearing)waslow under small
sample conditions. Firstly, the original timing signal was converted into time-frequency signal by using short-time Fourier transform. Then,
the model based on triplet network was used to extract the features of the same fault and different fault samples from the time-frequency
signal. By comparing the similarity of the features of the same fault and different fault samples, the model parameters were optimized to
achieve the effect that the feature similarity of the extracted same fault samples was higher and higher, and the feature similarity of different
fault samples was lower and lower. Finally, fault recognition was realized by comparing the feature similarity between unknown samples and
known fault samples; the effectiveness of the fault diagnosis method was verified by using the bearing fault data set of Jiangnan University and
the gear fault data set of the University of Connecticut. The research results show that when there are only 5 training samples in each type,
the recognition rate of bearing faults can reach 68% , and the recognition rate of gear faults can reach 96. 8% , which is better than the
traditional deep neural network method.
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