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Miu Jiaxin Long Haochen Liu Xiaoyu

Abstract: Wafer defect detection is a critical step in ensuring product quality within semiconductor manufacturing
processes. Analyzing the distribution areas and presentation patterns of defects enables precise tracing of weak links in
production processes, providing essential evidence for optimizing manufacturing technologies. To address the demands
for high precision, real-time processing, and lightweight solutions in identifying hybrid wafer defects under complex
scenarios, this paper proposes a lightweight wafer map defect detection algorithm based on an improved YOLOv8s-seg.
The algorithm first introduces a context-guided mechanism within the backbone feature extraction network to optimize
the C2f module.

to enhance the model s feature fusion capabilities. Finally, it incorporates lightweight asymmetric detector head

It then proposes a shift-enhanced multi-branch &. scale fusion feature pyramid network (SEMF-FPN)

concepts to optimize the head network. Experimental results demonstrate that the improved model achieves mean
average precision (mAP@0.5:0.95) of 90. 9% for bounding boxes and 84.5% for masks, with a detection speed of
333. 3 fps. It significantly reduces parameters and computational load by 54.84% and 37.18% , respectively, while
maintaining accuracy loss below 0.5%. This lightweight, high-precision and fast-detection model meets industrial
production requirements and holds considerable engineering application value.

Keywords: semiconductor manufacturing; wafer map;defect detection; weight reduction
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Fig. 1 YOLOvS8s-seg network architecture
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Fig. 9 Eight common wafer map single-type defects
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Fig. 10 Three mixed-type defect patterns of 2,3 and 4
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Fig. 12 Mixed defect wafer map and its multi-label mask
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Fig. 13 Dataset annotation results
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Table 2 Configuration of experimental parameters
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A IH R B (weight decay) 0. 000 5
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Table 3 Design of ablation experiments with

improved algorithm
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Table 4 Results of ablation experiments with improved algorithm
B Box Mask Speed/ Param/ GELOPS
mAP@0.5 mAP®@0.5:0.95 mAP@0.5 mAP@0.5:0.95 ms
1 0. 984 0.913 0.960 0 0. 846 2.7 11.78 42.5
2 0.983 0.907 0.956 0 0. 838 2.6 9.92 37.0
3 0. 984 0.913 0.962 0 0. 849 3.0 8. 34 38.6
4 0. 985 0.915 0.964 0 0. 858 3.2 8. 34 38.6
5 0. 983 0. 906 0.958 0 0. 848 2.7 9.71 34.7
6 0. 985 0.912 0.956 0 0. 844 3.2 6. 48 33.2
7 0. 984 0.913 0.959 0 0. 852 3.3 7.18 32.1
8 0.983 0.909 0.958 0 0. 845 3.0 5.32 26.7
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Fig. 14 Detection result
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Table 5 Comparison of results from different studies

ot ik mAP mAP Speed/ Param/ GELOPS
(Box) (Mask) ms M
SCHRL9] Rk Mask R-CNN — 0. 637 — — —
SCHk[11] M Mask R-CNN 0. 604 0. 405 43.0 — —
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A3 YOLOv8n-seg 0. 898 0. 819 1.8 3.26 12.0
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