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Surface defect detection of steel plate based on CR-RFPR101

LI Xuelu, CHU Maoxiang, YANG Yonghui, LIU Guanghu

(School of Electronics and Information Engineering, University of Science and Technology Liaoning, Anshan 114051, China)

Abstract; In view of the multiple types, complex background and low detection accuracy of steel plate surface
defects, the data set is enhanced and the original Cascade region-based convolutional neural networks(R-CNN)
algorithm is improved. ResNeXt-101-64 X 4d is used as the backbone network of Cascade R-CNN algorithm to
optimize feature extraction module, The recursive feature pyramid(RFP) network is used to optimize the features
in the way of feedback connection, and a detection algorithm based on Cascade R-CNN RFP ResNeXt-101-64 X
4d(CR-RFPR101) is proposed to better retain the details and semantic information. Switchable atrous
convolution is proposed to replace the convolution layer of the backbone network to improve the detection
performance by changing the receptive field. Finally, the soft non-maximum suppression(Soft-NMS) algorithm is
introduced to retain the effective information and improve the recognition rate. The experiment shows that the
detection rate of CR-RFPR101 algorithm is 83.4%, which is 7. 3% higher than that of the original Cascade
R-CNN algorithm. The proposed algorithm meets the requirements of steel plate surface defect detection.

Key words: defect detection; data enhancement; recursive feature pyramid(RFP); switchable atrous

convolution; soft non-maximum suppression(Soft-NMS)
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