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Abstract: Objective: In order to realize the intelligent grasping of
tobacco stem in tobacco grading process, prevent the manipulator
in the intelligent tobacco grading system from damaging the leaf
surface during grasping tobacco leaves, and reduce the manual
operation in the production of intelligent tobacco grading equip-
ment. Methods: An automatic tobacco stem identification and lo-
cation model based on improved YOLOv3 convolution neural net-

work was proposed for the identification and classification of
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single tobacco leaf and the storage of corresponding single tobacco
leaf in tobacco grading system. The model changed the structure
of the unit module and introduced the attention mechanism
module based on the original YOLOv3 model, which optimized
the model parameters and used swish activation function to realize
the target location and recognition of all the information of
tobacco leaf images, and then the tobacco stem target detection
model was constructed. Results: The results showed that the loss
of improved YOLOv3 model could converge faster, with its mAP
increased from 90.46% to 97.48% and its accuracy increased
from 95.33% to 97.35%; its regression rate increased from
84.65% to 95.65% , which laid the foundation for the automatic
classification of tobacco leaves. Conclusion: Compared with
YOLOv3, Faster-rcnn, YOLOv4, Efficientdet algorithm, the
proposed algorithm is lighter and more effective. It can reduce the
hardware configuration requirements of tobacco stem test plat-
form, improve the economic benefits of tobacco classification sys-
tem, and provide accurate location information for tobacco
feeding and storehouse separation in tobacco classification system.
Keywords: cigarette stem; identify and locate; improve
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Swish activation function
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Table 2 Comparison of tobacco stem recognition models
kAR mAP/% W/ % 3R/ % FERIALE K/N/MB - U0 B /(i » s 1)
YOLOv3 90.46 95.33 84.65 235 18
Faster-renn 86.70 91.15 81.00 108 12
YOLOv4 97.57 96.19 94.39 244 16
Efficientdet 94.74 93.97 90.08 16.1 20
Pk IS B A 97.48 97.35 95.65 50.9 19
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