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ViT and attention fusion for class-imbalanced PCB defect detection

Chen Junying,Li Zhaoyang, Xi Yueyun, Liu Chong

(College of Information and Control Engineering, Xi'an University of Architecture and Technology, Xi'an 710055, China)

Abstract: Addressing the challenges of a long-tailed distribution of data and low detection accuracy caused by the difficulty in collecting
defect samples for printed circuit boards (PCBs) in real-world environments, as well as the high computational complexity when using
Vision Transformer ( ViT) for detection, we propose an end-to-end PCB defect detection algorithm that incorporates multi-scale ViT
feature extraction and attention feature fusion. Firstly, a multi-scale feature extraction network is constructed by combining ViT and
partial convolution. Hierarchical multi-head attention is employed to perform adaptive attention operations on different scales of feature
maps, enabling the network to better capture local and global information, thereby enhancing its feature extraction capabilities. Partial
convolution is utilized to reduce computational costs. Secondly, a non-parametric attention mechanism based on the energy domain
suppression effectively fuses multi-scale features, enhancing the expressive power of the network’s fused feature maps. Finally, a
classification function sensitive to class imbalance is introduced to improve the loss function of the network, enhancing its fitting ability to
imbalanced data and improving generalization. The experimental results on three different types of publicly available PCB datasets
indicate that the proposed detection algorithm shows improvement in the mean Average Precision ( mAP) for PCB surface defect
datasets, with respective values of 99. 13% , 98.67% , and 99. 82%. In the case of class-imbalanced PCB defect detection tasks, the
mAP is improved by 11.94% compared to the previous method, and the network achieves a detection speed of 25 FPS, providing a fast
and effective approach for PCB defect detection.
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Network architecture for PCB surface defect detection
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Fig. 2  Schematic diagram of the multi-scale feature extraction network structure
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Fig.3 Diagram of the working principle of hierarchical attention
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Fig. 4 Illustration of the computation process of hierarchical attention
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Fig. 7 Loss Function and mAP Curve during Network Training
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Table 1 Evaluation metric values for different detection algorithms

Bk ik FTM4 mAP(@ IoU=0.5)/% FPS
Faster RCNN ResNet-50 93. 61 9.03
SSD VGG16 89.23 9. 17
YOLOv3 DarkNet-53 96. 53 59.12
YOLOX CSPDarkNet53 95. 84 84.05

TDD-Net!**) ResNet-101 96. 40 -

PKU-Market-PCB )

MAFaster RCNN[') ResNeSt-50 97.90 -

AT-YOLO'3 ResNeSt-50 98. 40 -
MobileNetv3-YOLOv4-Inceptionv3[!! MobileNetV3 99. 10 43.01
Swin-Transformer-YOLOX ") Swin-Transformer 93. 86 17. 66
AT MulPViT 99. 13 25.97
Faster RCNN ResNet-50 96. 71 10. 89
YOLOv4 DarkNet-53 91. 40 29.20
Deep PCBL SCHR[38] CSPGohstNet 98.30 49.30
SCHR[32] - 98. 60 62. 00
ARIT5 ik MulPViT 98. 67 25.10
Faster RCNN ResNet-50 95.83 9.01
YOLOv3 DarkNet-53 96. 69 61.27
YOLOX DarkNet-53 98. 45 54.10

PCBA!®!

MobileNetV3-YOLOv4 MobileNetV3 99.26 50. 56
Swin-Transformer-YOLOX "/ Swin-Transformer 99. 49 16. 12
AR5k MulPViT 99. 82 27.70
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Table 2 Results of ablation experiments

AP(@1IoU=0.5)/%

Jrik mAP(@ToU=0.5)/%

AL FRmE T bt A E&0]
YOLOX 95. 83 99. 44 94.78 96. 44 97.71 92.72 93.90
YOLOX+EFL 95. 88 99. 82 9. 10 95.59 97.62 92.17 95.98
YOLOX+SimAM 9. 14 99. 35 95.92 96. 65 98.20 90. 86 95. 84
YOLOX+MulPViT 98. 43 98. 80 98.00 98.70 98.21 97.54 99.31
YOLOX+SimAM+EFL 95.99 99. 82 94. 07 95.13 97. 60 93.00 96. 29
YOLOX+MulPViT+EFL 98.19 99.79 97.87 98. 00 99. 02 95.97 98. 50
YOLOX+MulPViT+SimAM 98.96 100. 00 99. 07 98.05 98.54 98.77 983. 89
YOLOX+MulPViT+SimAM+EFL 99. 13 100. 00 97.88 98.20 99. 61 99.22 99. 89
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Fig.8 Comparison of the number of instances for

each defect class
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Table 3 Experimental results on class-imbalanced PCB dataset
AP(@10U=0.5)/%

7k mAP(@1oU=0.5)/% - . —
AL BRI I % S % (el {4
YOLOX 77.16 99. 62 83. 68 82.33 72.41 67.55 57.38
YOLOX+MulPViT+SimAM 85. 84 99. 83 89.41 85.59 91.39 79. 30 69. 59
YOLOX+MulPViT+SimAM+EFL 89. 10 99.92 92.11 92. 16 91.41 82.41 76. 60
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Fig. 9 Visualization of PCB surface defect detection results
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