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[ Abstract ]

ual neural network based rotor solder joint detection method was proposed. Firstly, the pre-training method was used to accelerate the

Aiming at the problem of time-consuming, laborious and low accuracy of micro motor rotor solder joint detection, a resid-

network training and improve the accuracy of the model. Secondly, batch normalization was introduced into the network to avoid the
disappearance of gradient. Finally, the date set for the network was expanded to reduce the over-fitting by using date-augmentation

technology. Experiments show that, compared with classical algorithms such as K-nearest neighbor (KNN) , the accuracy of this algo-

rithm is 91. 5% on test set. It is 3.5 times faster than the speed of workers’ detection, indicating a good recognition effect.
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