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[ Abstract] For strip steel edge of production process of edge defect and drawing defects, this paper puts forward an improved
YOLOv4-tiny detection method. Firstly, an attention module is added to the backbone network to enhance the ability of the detection
model to focus on defect features. An upper sampling layer is added to optimize the feature fusion of depth features and shallow
features. Then, the Focal loss function was used to replace the confidence and dichotomous cross entropy loss function of
classification to solve the problem of unbalanced distribution of positive and negative samples in the classification process. Finally,
the weighted K—-means clustering algorithm is used to get a new prior box. The experimental results show that the number of
parameters and detection speed of the improved model are similar to the original model, but the detection accuracy is better, and it
is more suitable for the real-time detection task of strip production.
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Fig. 2 Spatial attention module structure
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Tab. 1 The prior box values of the data set of steel coil end faces
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