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Research on food packaging defect detection
algorithm based on deep convolutional neural network

WU Haoran, CHEN Xiaoxing, GAO Ao

(College of Computer Science and Technology, Donghua University, Shanghai 201620, China)

[ Abstract] In the production of potato assembly line, if YOLOVS5 network is used to detect packaging defect target directly, the
accuracy is not high enough and the training time is too long. Therefore, a food packaging defect target detection method based on
SENet-YOLOVS is proposed. First of all, from the point of view of data enhancement, Canny edge detection algorithm is used to
process the data. After that, SENet network is integrated into the original DarkNet—53 backbone network, and important features are
strengthened to improve accuracy. Secondly, three traditional convolution layers are replaced by depth separable convolution layers to
reduce the number of parameters and computational complexity. Finally, candidate region data is trained to accurately locate and
classify the defects. The experimental training results show that the detection accuracy and the speed of SeNet—YOLOvVS model are
improved, and the detection accuracy of potato food packaging defects is 94.6% , and the average accuracy (mAP) of the detection
reaches 94.8% , compared with the dry YOLOVS algorithm. That’s a 7.9 percent increase, which is a significant increase in the speed
of recognition. The results show that the proposed SeNet—YOLOVS defect detection method can be applied in potato packaging
detection to improve the working efficiency of enterprises.
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Fig. 1 Network structure of YOLOVS5 algorithm
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