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Research on the application of multi—task deep learning model based on
adaptive weight optimization in sugarcane disease identification

LI Dongrui, QIU Shangming, YANG Shanyou

(School of Computer, Guangdong Agriculture Industry Business Polytechnic, Guangzhou 510507, China)

Abstract: This work proposes a multi—task deep learning model based on adaptive weight optimization, in order to solve the
problem of the accuracy of sugarcane disease recognition and the balance between tasks in the agricultural field. The model uses a
sugarcane leaf image dataset containing 3 diseases and 1 health state, and realizes disease recognition through convolutional neural
network (CNN) and multi-task learning ( MTL). In the process of model training, in order to deal with the imbalance between
different tasks, an adaptive weight optimization method is introduced. The experimental results show that the model can significantly
improve the accuracy of sugarcane disease identification, and achieve the balance between multiple tasks, providing a certain
reference for the development of sugarcane intelligent planting.
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Table 4 Model accuracy under different number of tasks
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Table 3 The confusion matrix of the multi—task learning model on Table 5 Model accuracy under different weight optimization
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Table 6 Model accuracy under different basic network structures
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