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ABSTRACT: The work aims to propose a vacuum packaging defect detection method for pickled vegetables based on
YOLOVS5s network to solve the low efficiency and high leakage rate of manual-based vacuum defect packaging rejection
of pickled vegetables. Firstly, Ghost Convolution was used to replace the convolution in the CSP module, which reduced
the number of parameters in the network while improving the feature extraction capability of the model; Secondly, in or-
der to reduce the loss of feature information in down sampling, the space-to-depth (SPD) and depthwise-separable con-
volution (DSConv) were used in down sampling; Finally, the SE attention mechanism module was introduced in the net-
work to improve the accuracy of the algorithm. On the dataset of homemade pickled vegetable packaging, the mean aver-
age precision (Apap) of the improved network reached 93.88 and the model size reached 3.91 MB. Compared with the
original model, the mAP was increased by 2.05% and the model was reduced by 44.38%. The method in the paper enables
the classification and localization of the defective vacuum packages of pickled vegetables, and lays a foundation for ro-
bot-based defective package rejection.
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Fig.2 Improved YOLOVS5s network structure
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Tab.1 Comparison results of ablation experiments

R £ 55 IR % SR EE 1% BRI R ) /MB FLOPs {#/10°
Normal Defect Leakage
YOLOVS5s 89.52 97.45 88.52 91.83 7.03 16.0
YOLOV5s-G 91.49 98.73 92.86 94.36 5.13 11.3
YOLOv5s—SD 91.81 96.62 89.94 92.79 5.78 13.5
YOLOvV5s—-G-SD 90.43 95.89 89.97 92.09 3.88 8.9
YOLOvVS5s-SE 92.87 96.78 89.04 92.90 7.06 16.0

e 92.34 97.96 91.35 93.88 3.91 8.9
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Tab.2 Performance comparison of network models

g O THMEY%  BURRTMB FLOPs /107
Normal Defect Leakage
YOLOv3—tiny 85.75 97.66 89.18 90.86 8.67 13.0
YOLOv4-tiny 92.10 97.71 83.74 91.18 5.88 16.2
AR SCHETY 92.34 97.96 91.35 93.88 3.91 8.9
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