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Algorithm for Steel Surface Defect Detection Based on AGD-YOLO

LI Sisi, GE Huayong, MENG Yaqun, JI Yukai
(College of Information Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: Steel is widely used in the manufacturing industry, and its surface defects significantly affect its quality. The
diversity of defect patterns and background interference in the detection pose a challenge to existing detection models. To ad-
dress this, a surface defect detection algorithm for steel, AGD-YOLO, is proposed. An adaptive multi-scale downsampling
(AMSD) module is designed, which uses dilated convolutions and multi-pooling operations to capture and integrate multi-
scale feature information, and is incorporated into the backbone network to enhance defect recognition capability. An en-
hanced global context-space pooling pyramid (EGC-SPP) module is proposed by combining dilated convolutions and spatial
pyramid pooling to integrate global background and edge features. A dual-stream fusion network (DSFN) is designed to en-
hance feature representation, improving the algorithm’s context complementarity and the ability to recognize detailed fea-
tures. Experimental results show that, compared to the baseline algorithm, the improved model achieves a 7. 1% mAP in-
crease in detection accuracy on the NEU-DET dataset, effectively solving the difficulities in detecting surface defects on steel.

Keywords: YOLO; defect detection; steel; dilated convolution; downsampling
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