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Steel Wire Rope Surface Defect Detection Algorithm Based on YOLOv8n-AIC
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Abstract; Steel wire ropes, as critical industrial load-bearing components, exhibit surface defects
characterized by small targets, multiple scales,and low contrast. To address the issues of low preci-
sion, high computational load, and inefficiency with existing detection algorithms, an improved
YOLOvV8n algorithm,termed YOLOv8n-AIC,has been proposed. This algorithm incorporates ADown
module to optimize YOLOv8n backbone network ,reducing the number of parameters. An iEMA mod-
ule is developed and introduced to eliminate channel redundancy,enhancing the capability of multi-
scale feature extraction. Additionally, a cross-scale feature fusion module (CCFM) is employed to
modify YOLOv8n neck network to form a CF-Neck structure ,improving the adaptability of the algo-
rithm to target scale variations and the ability in detecting small targets. Experimental results on a
steel wire rope surface defect dataset demonstrate that a mean Average Precision (mAP) at IoU 0.5
of 95.9% is obtained for YOLOv8n-AIC. Compared to the original YOLOv8n algorithm ,mAP@Q0. 5
and recall rate increases by 2. 6% and 2% ;the number of parameters and computational load decrease
by 42.9% and 25.9% , respectively. It results in a lightweight model that reduces computational
costs, providing a feasible solution for rapid and accurate detection of steel wire rope defects.
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Fig.1 YOLOV8n-AIC network architecture
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Fig.4 Examples of two types of defect samples
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Table 3 Results of the ablation experiments
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Table 4 Comparison of experimental results with

different algorithms
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Fig.5 Detection results
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