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FPCB automatic defect detection algorithm based on
traditional image processing and deep learning
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[ Abstract] FPCB is a flexible printed circuit board, which is a circuit board made of flexible insulating material as the base
material. It has the characteristics of good bending, winding and folding properties and can meet the flexibility requirements of
electronic products. It is widely used in the electronic information industry. In the production process of FPCB flexible printed circuit
boards, various defects may occur, and these defects will have a serious impact on the product. At present, the inspection of FPCB
is mainly based on human eyes, and there are some inconsistencies in manual inspection. Certain factors, such as human fatigue and
attention, have a profound impact on the overall detection accuracy. Now artificial intelligence, that is, deep learning, has gradually
matured under the development in recent years. It is a promising direction to apply deep learning methods to the field of defect
detection, but there is also a problem. The requirements of factory yield make it impossible to obtain more defect data, and the deep
learning method needs enough data as the support. In order to solve this problem, this paper proposes a method of traditional image
processing combined with deep learning, and validates it on the FPCB dataset. This method can fully meet the actual detection needs.
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Fig. 1 FPCB defect map
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Fig. 2 Number of defective images
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Fig. 3 Image preprocessing method
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Fig. 4 Comparison before and after filtering
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Fig. 5 Comparison diagram before and after grayscale transformation
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Fig. 6 Architecture diagram of neural network
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Fig. 7 Accuracy of network training
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Tab. 1 Configuration of basic network parameters
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Tab. 2 Comparison of network performance
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LeNet 85.27 42
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InceptionNetv1 90.54 61
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