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Research on detection method of unsound brewing sorghum kernel based on deep learning
WANG Lin', CHU Yihong?, OU Jinhua', YIN Guanjun? JIANG Yuanhong'*, CHEN Bo', SHEN Chuan', LI Yongmeng'
(1.Guizhou Xijiu Co., Ltd., Zunyi 564622, China; 2.CMVC International GmbH, Shanghai 201203, China)

Abstract : In order to overcome the problems of low efficiency, low accuracy and poor repeatability existing in the quality detection of unsound sorghum
kernel in the brewing industry, a novel method based on deep learning for unsound sorghum kernel determination was proposed. A self-constructed
sorghum image dataset was established by collecting images using GK9800 grain unsound kernel analyzer. After optimizing the image using the data
augmentation preprocessing technology, the model was improved by adding the Channel Attention Mechanism (CAM) and Spatial Attention Mecha-
nism (SAM) modules using the ConvNeXt V2 as the basic model network architecture, and the detection effect of the improved model on unsound
sorghum kernel was evaluated. The results showed that after adding both CAM and SAM simultaneously, the classification accuracy and F, value
were significantly improved, increasing by 5.5% and 4.88%, respectively. The accuracy rate of the improved model for identifying unsound sorghum
kernel was 99.21%, which was significantly higher than that of other models. The visualization of the unsound kernel image feature revealed that the
local unsound features could be identified by CAM and SAM. There was no significant difference in the results of detecting unsound sorghum kernel
by manual methods and this model, and the error was relatively low (0.24%). This study provided an efficient and accurate detection method for sorghum
quality in the brewing industry.
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Fig. 1 Sorghum images after data augmentation processing
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Fig. 2 Fully convolutional masked autoencoder
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Fig. 3 Channel attention network architecture
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Fig. 4 Spatial attention network architecture
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Table 1 Effect of data augmentation, channel attention mechanism,
and spatial attention mechanism on model performance
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Fig. 6 Visualization of unsound sorghum kernel image feature
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