FOOD& MACHINERY

DOI:10.13652/j.issn.1003-5788.2022.01.021

HSHBE M BE23M [ 2022F 1 A | RS

B

ET ResNeXt 5EEBEIHTHIGEHE KE

WE-BHHN: BB bn L2 F R/ EE DR

R/ = Mk FEIR 5l

Research on recognition of stem/calyx and defects of dried
Hami jujube based on ResNeXt and transfer learning
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technology could reduce the calculation cost of the model and im-
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Abstract: Objective: This study focuses on solving the problems
that stem and calyx are mistakenly recognized as defective jujube
in the current detection process of jujube. Methods: A method for
identifying stem / calyx and defects of dried Hami jujube based on
deep learning and image processing was proposed. By improving
the depth residual network ResNeXt-50, using the region of in-
terest extraction method and transfer learning technology, TL-
ROI-X-ResNeXt-50 classification model was proposed to realize
the classification of stem / calyx and defects of dried Hami jujube.
Results; Through the comparison of model experiments, the re-

gion of interest extraction method and transfer learning
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prove the accuracy. The accuracy of model recognition could
reached 94.17%. Conclusion: The method can initially meet the
production requirements of on-line detection equipment for stem /
calyx and defects of dried Hami jujube, and provide theoretical
basis and technical reference for the development of rapid nonde-
structive detection system for stem / calyx and defects of other
similar fruits.
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work; transfer learning; interest extraction
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Dried Hami jujube sample
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Figure 2 Schematic of residual learning
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Figure 3  Structure of ResNeXt network residual module
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