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Study on the Model for Judging the Situation of Cotton under Seawater Stress Based on Transfer Learning
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Abstract
technology, which is one of the popular artificial intelligence technologies.30 cotton varieties were stressed for 20 d at seedling stage with sea-
water at the concentrations of O ( distilled water) , 25%, 50% and 100%. The migration learning was applied to VGG16 convolutional neural
network to classify the top and side views of cotton plants under different concentrations of seawater stress. Results showed that the test accuracy

(Jiangsu Coastal Area Institute of Agricultural Sciences, Yancheng, Jiangsu 224002)
The aim was to explore the feasibility of end-to-end identification of cotton’s degree under seawater stress by the transfer learning

of the network to the side views verification set of cotton plant was 80.00% , and the test accuracy of the top views was 77.14%. The model for
identifying cotton under seawater stress could be constructed based on VGG16 and migration learning, and the side views were more conducive
to network recognition. Under the two views, the network has stronger recognition ability for 0 and 100% concentration seawater treatment.
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Fig.1 Cotton images collected by visible light
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Fig.2 Network structure after transfer learning
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Fig.3 Network training and testing process of cotton side view images
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Table 1 Network testing results of cotton side view images %

AR BBV e Wit A% R
Treatment concatenations  Accurate rate Recall rate !
0 96.15 96.15 96.15
25% 94.74 54.55 69.17
50% 62.50 80.00 70.18
100% 75.00 100.00 85.71
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Fig.4 Confusion matrix for network testing results of cotton side
view images
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Fig.5 Network training and testing process of cotton top view images
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Table 2 Network testing results of cotton side top images %
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Fig.6 Confusion matrix for network testing results of cotton top

view images
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