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Abstract: Realizing real-time printed circuit board (PCB) surface defect detection is the basis for improving
the intelligence of the PCB fabrication process. Aiming at the original PCB inspection method which is time-
consuming, low-accuracy and not easy to move, this paper proposes an improved model based on YOLOv7-
tiny. Replace the SilLU activation function in YOLOv7-tiny with the ELU function; introduce a centralized
integrated convolutional module (C3 module), and combine depthwise separable convolution with C3 to form
a centralized integrated depthwise separable convolution module; and add a convolutional block attention
module. Experimentally, the improved model performs well in detection accuracy, recall rate, and mean
average precision, and the size of the model drops by 2. 8 MB compared to the original model. It also shows
better detection results when compared with other mainstream target detection schemes. The ability of the
improved YOLOv7-tiny to maintain higher accuracy while also reducing the memory requirements of the model
opens up new possibilities for real-time detection of PCB defects as well as edge deployment.
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Fig. 1 The overall structure of the improved YOLOvV7-tiny algorithm
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Fig. 5 Convolutional block attention module
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Fig. 6 Visualization results of PCB defect detection
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Tab.1 Analysis of ablation experiment results

Bk ELU DSC3 CBAM P/% R/% mAP/ % Size/MB FPS
YOLOV7-tiny 91.76 87.64 90.43 11.7 109.9
J 92.17 88.45 90.94 11.8 107.6

NG 89.97 86.88 88.63 6.9 110.4

NG 91.74 85.81 91.04 11.9 106.3

NSRS N N 90.84 86.33 89.87 7.3 109.7
J N 92.45 85.17 91.08 12.1 105.8

J J 91.32 87.31 90.52 8.7 107.9

N N 91.86 88.79 90.94 8.9 108.4
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Tab.2 Comparative analysis of experimental results

=R/ mAP/ % Size/MB FPS
Faster RCNN 89.76 56.7 64.1
SSD 88.49 52.4 60.7
YOLOX 87.93 31.3 79.3
YOLOV5 90.37 30.8 88.6
YOLOV7 89.91 27.6 87.6
YOLOv8n 91.57 15.6 89.7
AL 90.94 8.9 108.4
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