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Surface Defect Detection on Lightweight YOLOvVS Steel
Incorporating MobileNetv3

HU Ming-gi' , CHEN Hui-ming', XU Wei’, GUO Cheng-jun', LIU Qiu-ming”"
(1. Advanced Copper Industry College, Jiangxi University of Science and Technology, Yingtan 335000, China;
2. School of Software Engineering, Jiangxi University of Science and Technology, Nanchang 330013, China)

[ Abstract] To address the high cost and low accuracy of manual inspection for steel surface defects, as well as the excessive
computational resource requirements caused by complex traditional target detection models, a lightweight defect detection algorithm
named YOLOv8n-MDC was proposed by integrating MobileNetv3 with YOLOv8. Firstly, based on YOLOv8n, the original intersection
over union(ToU) -based bounding box loss function was replaced with weighted ToU ( WIoU) , enhancing model robustness through a
non-monotonic focusing mechanism. Secondly, the backbone feature extraction network of YOLOv8n was substituted with MobileNetv3,
utilizing its lightweight architecture to reduce network complexity and redundant computational overhead. Finally, during the feature
fusion stage, depthwise separable convolution (DWConv) and C3Ghost modules replaced the original components, further minimizing
model parameters and accelerating detection speed. Evaluated on the NEU-DET steel surface defect dataset, the YOLOv8n-MDC
achieves an mAP of 81. 3% , representing a 5% improvement over the baseline YOLOv8n, while its parameter count and computational
complexity are reduced to 1.02 M and 2. 1 GFLOPs (33.9% and 25.9% of the original model, respectively), meeting industrial
requirements. This lightweight algorithm significantly reduces computational complexity and resource consumption while enhancing
detection accuracy, offering an optimized solution for industrial steel surface defect inspection.
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Fig. 2 Network architecture diagram of MobileNetv3
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Fig. 5 Structural diagram of the Bottleneck module and the
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Fig. 7 Example diagram of surface detects
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Fig. 6 Comparison between the original feature fusion end and the improved feature fusion end
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Table 1 Performance comparison between the original
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Table 3 Comparison of mainstream algorithms in the
field of object detection

A SHE/M FLOPs/G  mAP:0.5/%
SSD 26.2 62.7 0.732
Faster RCNN 138 371.2 0. 759
YOLOVS 7.3 15.9 0.767
YOLOv8n 3.01 8.1 0.763
YOLOv8-VSC 1.96 6.0 0. 808
DIN — — 0. 805
MCB-FAH-YOLOv8 6.06 — 0.818
YOLOv5s-FCS 8.32 18.5 0.747
AR 1.02 2.1 0.813
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Table 2 Ablation experimental results

Wlou  DW +C3Ghost  MobileNetv3 P/% R/% mAP:0.5/% R/ M FLOPs/G FPS
0. 805 0. 669 0.763 3.01 8.1 136.9
VvV 0. 764 0.763 0.786 3.01 8.1 135.0
vV VvV 0.736 0.788 0.789 1.42 4.4 156.0
vV vV 0.76 0. 744 0.791 1.19 2.8 196.0
Vv VvV Vv 0.714 0.790 0.813 1.02 2.1 208.3
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