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Fig.2 Example of feature fusion module for high, medium, and low resolutions
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Fig.3 Three multi-scale fusion representation head diagrams for HRNet
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Fig.4 Comparison of segmentation effects of different networks for steel liquid oil spot defects
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Fig.5 Comparison of segmentation effects of different networks for steel oxide scale defects
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Fig.6 Comparison of segmentation effects of different networks for steel scratch defects
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Steel defect detection algorithm based on semantic segmentation

XU Kai, LEI Sicong, FAN Chongsheng, JIANG Jiaming, ZHANG Xueying
(Shanghai Aerospace Equipment Manufacturing Co. , Ltd, Shanghai 200245, China)

Abstract; This article proposes a high-resolution feature detection method for steel surface defects based
on HRNet ( High Resolution Net) to address the limited practical application and research of semantic
segmentation algorithms in steel defect detection, as well as the low accuracy of traditional semantic
segmentation methods in defect segmentation. The method adopts a multi-level network parallel framework
to maintain high-resolution features, extracts high-resolution features with strong position sensitivity
through parallel multi-resolution convolution and repeated multi-resolution fusion mechanisms, and
combines HRNet to perform freeze training and migration learning on the enhanced dataset, ultimately
achieving high-precision segmentation of steel surface defect images. The experiment shows that this
method has a good segmentation effect on steel defects, with an average intersection to union ratio
(MIOU) index and an average pixel accuracy (MPA) index of 94.92% and 97. 64% , respectively.

Key words: HRNet; steel defect; parallel multi-resolution convolution; repetitive multi-resolution fusion
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