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Surface Defect Detection Algorithm for Industrial Products Based on
High-resolution Feature Maps

WANG Yijie! CAI Jianpu! REN Zhigang'?

(1.School of Automation Guangdong University of Technology, Guangzhou 510006, China
2.Guangdong-HongKong-Macao Joint Laboratory for Smart Discrete Manufacturing Guangdong
University of Technology, Guangzhou 510006, China)

Abstract: In the field of industrial manufacturing, surface defect detection of processed products can effectively improve the
quality of finished products. Industrial product surface defects often exhibit characteristics such as low contrast, irregular shapes, small
and slender sizes, and significant noise, making the detection task highly challenging. To address this issue, a surface defect detection
algorithm for industrial products based on high-resolution feature maps is proposed. First, a real-time high-resolution network (RHNet)
is introduced, which maintains the input and output feature maps of each stage at 1/4 of the original image resolution, effectively
preserving more detailed information. Then, a short-term dual-branch module (SDBM) is proposed to process high-resolution feature
maps in real time. Finally, a fast parallel aggregation pyramid pooling module (FPAPPM) is designed to rapidly extract deep level
information and perform multi-scale context fusion. Experimental results demonstrate that the RHNet model performs well in both
surface defect modeling capability and detection performance, meeting the real-time requirements and deployment needs of industrial
scenarios.

Keywords: surface defect detection; real-time network based on high-resolution feature maps; multi-scale fusion
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