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Abstract : Steelplate, as one of the commonly used materials in parts processing and manufacturing, has a wide
range of applications in the field of machinery. Due to the complexity of the processing environment,
defects such as scratches, corrosion, and cracks often appear on its surface, with characteristics of
different scales, diverse types, and complex backgrounds. This poses strong challenges in the field of
deep learning based defect detection. In response to the low accuracy of deep learning algorithms in
detecting surface defects on steel plates, this paper proposes an automatic segmentation technology
for steel plate regions based on actual production needs, which improves the accuracy of steel plate
surface defect detection through defect classification mode. To achieve automatic segmentation
of steel plate areas, a random sampling consistency algorithm is proposed to extract straight lines
along the edges of the steel plate®, and then obtain the pose of the steel plate in the captured image.
Through image translation and rotation techniques, the steel plate is straightened to achieve automatic
segmentation of the steel plate in any pose.
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