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Abstract . A fault diagnosis method based on Siamese convolutional neural networks is adopted to address the problem of limited

fault training samples for planetary gearboxes in practice. The multi-directional vibration signals of the planetary gearbox are collected

and the convolution neural network is used for feature extraction of multiple vibration signals. With Siamese network architecture, the

distance of the extracted feature samples is measured and the classification criteria is determined to accomplish the training of the

fault diagnosis model. The data gained from the experiments on the planetary gearbox experimental platform demonstrates that the

Siamese convolutional neural network has better fault diagnosis performance than the conventional methods in the condition of limited

fault training samples.
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