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Abstract

In the process of manufacturing a printed circuit board (PCB), due to uncontrollable influences such
as equipment, environment, raw materials and manual operations, which can cause defects in the
product at all stages of production, it is essential to detect and locate all defects in the printed circuit
board. In order to effectively solve the problems of low detection efficiency and incomplete detection
defects in traditional manual eye inspection, a convolutional autoencoder model based on unsuper-
vised learning was proposed to detect the quality of printed circuit boards, and the generator was
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used as the decoder of the convolutional autoencoder model combined with generative adversative
network. The network model is trained and learns the features of defect-free products only through
the image of defect-free products. By reconstructing the defect image into a defect-free image and
subtracting the defect image, the residual map containing the defect information is obtained and
the defectlocation is located. Experimental results show that the proposed method can identify PCB
defects with an accuracy of 96.15%, and has good generalization ability and robustness.
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Figure 1. Autoencoder schematic diagram
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Figure 2. Generate the adversarial network schematic
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Figure 3. Model network structure diagram
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Figure 5. Defective PCB
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Figure 6. Flow chart of model training test
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Figure 7. Model training loss curve
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Figure 8. Comparison of defect detection test results
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Table 1. Comparison of test results under different evaluation indexes
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