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Research on defect detection of SOP chip based on improved YOLOvVS

Peng Hongrui'  Yang Guihua®
(1. College of Mechanical and Control Engineering, Guilin University of Technology,Guilin 541006, China;
2. Key Laboratory of Advanced Manufacturing and Automation Technology (Guilin University of Technology) ,

Education Department of Guangxi Zhuang Autonomous Region,Guilin 541006, China)

Abstract: Aiming at the low detection accuracy caused by similar defect features, small defect target and large
difference in defect scale in SOP chip defect detection, this paper proposes a defect detection method based on improved
YOLOvS8. The problem of information loss in the process of convolution pooling is solved by using SPD-Conv module.
And introducing the SimAM attention mechanism, the model can learn the information in the 3D channel and improve
the model’s perception of defect features. At the same time, BiFPN was used to replace the original feature extraction
network, and multi-scale feature fusion was used to enable the model to better distinguish the defects with similar
features and large-scale differences. Finally, a small target detection header is added to transmit more low-order feature
information to the high-dimensional detection network to improve the detection effect of small target defects.
Experimental data show that compared with the original model mAP@0.5/% increased by 5.4%, mAP@0.95/%
increased by 4.3%, recall rate increased by 3%, has significant advantages compared with other models. In the
generalization experiment, the mAP@ 0.5 of the improved algorithm is also improved by 2. 7% compared with the
original model, and a relevant system is designed to verify the effectiveness of the algorithm.

Keywords: chip defect detection; YOLOvS8 model; SPD-Conv; SimAM; BiFPN
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The improved YOLOvS network structure proposed in this paper
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Table 2 Comparison of baseline models

fEE R mAP@0.5/% FLOPs/M Parameters/M

YOLOv8n 92.4 8.2 3.01
YOLOv8s 91. 6 28.7 11. 14
YOLOv8m 92.3 79.1 25. 86
YOLOWVSI 92.5 165. 4 43.63
YOLOv8x 91.5 258.1 68. 16
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Table 3 Comparison of different attention mechanisms
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Table 4 Different SimAM attention mechanisms add positions

SImAM B E P/% mAP@0.5/% Parameters/M

Baseline 93.4 92.4 3.01
SPPF 94.9 93.9 3.01
P3 94.7 93.8 3.01
Head 94. 0 93.4 3.01
Backbone 94. 6 93.5 3.01

HEEANEYR  P/% mAP@0.5/%  Parameters/M
Baseline 93.4 92.4 3.01
CBAM 94. 6 93.6 3.07

SE 91.9 92.0 3.02

ECA 92.8 92.6 3.01

SimAM 94.0 93.9 3.01
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Table 5 Results of ablation experiment

YOLOv8n SPD  SimAM  BiFPN P2 Parameters/M R/% mAP@0.5/%  mAP@0.95/%

NG 3.01 91. 9 92. 4 70.5
NG N 3.27 92.8 93.9 72. 4
N N 3.01 93.0 93.9 72

N N 3.02 93.0 93.6 71.3
J J 3.21 93.1 94.0 71.9
J J J 3.02 92.7 94. 2 71.1
NG N N 3.20 91.7 94. 9 72.8
NG N NG N 3.17 94. 4 96. 5 70. 8
NG N N N N 3.17 94.9 97.8 74. 8
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Table 6 Comparative experiment of different detection models

(il mAP@0.5/% mAP@0. 95/ % Parameters/M FLOPS/M
SSD 89.5 55. 8 26. 29 62.7
Faster-RCNN 90. 7 49.4 137.10 370. 2
YOLOvS 91.3 69.0 7.08 16.5
YOLOv6 91.5 68. 5 4. 50 13.1
YOLOv7 92.6 67.7 37.22 105. 2
YOLOv8 92. 4 70.5 3.01 8.2
YOLOv9 93.8 70. 3 2.62 10.7
YOLOv10 93.4 69. 1 2.70 8.2
CRk[18] 93.5 69. 2 2.63 11.7
SCHkL19] 90. 2 63. 6 0. 64 4.3
Ours 97.8 70. 8 3.18 15.8
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