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Detection of wire breakage faults in twist pin winding
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Abstract: As the core structure of micro rectangular connectors, the twist pin faces a challenge in the winding process, it is difficult to
visually identify whether the winding metal bundle is broken. To address this, the paper introduces a cross-layer model that merges
convolutional neural networks with vision transformer, integrating both deep and shallow networks to extract a more comprehensive set of
winding image features. By incorporating the attention mechanism, feature fusion is further enhanced, increasing the model’s sensitivity to
minute differences. Utilizing the fine-grained classification technology based on Arcface, which introduces an angular margin to optimize the
cosine angle, significantly increases the inter-class distinction and compactness of identical features within metal wire bundles. Experimental
results demonstrate that this model achieves a 91. 9% high accuracy rate in identifying wire breakages of different specifications, efficiently
solving the challenge of line break detection in the winding process of the twist pin. It provides an effective and reliable technological
solution for the quality control of micro rectangular connector production.
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