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Online Tobacco Leaf Grade Determination Research Based on Deep Learning

QI Yue-cheng, WANG Yan, LI Li et al
Abstract

( Yunnan Tobacco Leaf Co. ,Ltd. ,Kunming, Yunnan 650000 )

The grading judgment of tobacco leaves can rationally utilize tobacco resources,improve the quality of cigarette products,and is of

great significance to maximize economic benefits. An online tobacco leaf grade determination method based on deep learning was proposed,
which used ResNeXt as the basic network ,embedded the SE module in the residual structure to enhance the information of important channels,
and introduced the FCN+PAN structure to fuse the shallow detail features and high-level semantic features of the network to achieve multi-scale
feature expression. The test results showed that the accuracy of the tobacco grade determination of the method reached 92. 8% , which showed

that the method had the ability to identify the tobacco grade well and could be applied to actual production.
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Fig.1 Images of the pre-processing process
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Fig.2 Images processed by data augmentation
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Fig.7 Overall framework of tobacco leaf grading algorithm
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ResNet50 B1F 0. 65 0.94 0.773
B2F 0.55 0.62
B3F 0. 88 0.73
CI1F 0.87 0.78
C2F 0.98 0.84
C3F 0.96 0.73
ResNeXt50 B1F 0.85 0.72 0. 838
B2F 0.61 0.78
B3F 0.77 0.91
CIF 0.98 0.93
C2F 0.92 0.92
C3F 0.96 0.77
SE-ResNeXt50 B1F 0.83 0.91 0. 888
B2F 0.84 0.76
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C2F 1.00 0.84
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B3F 0.93 0.95
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C2F 0.97 0.95
C3F 1. 00 0.99
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