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A lottery ticket-based deep transfer sparse neural network
for plant disease identification

ZHANG Xu, CHEN Zhikui, LI Qiucen, LI Peng, GAO Jing
(School of Software Technology, Dalian University of Technology, Dalian 116620, Liaoning, P. R. Chinaj;)

Abstract: In agriculture, the plant disease identification can increase the production of crops. The existing
data-driven deep plant disease identification methods are based on a great number of supervised data,
posing vast challenges on detecting new pests of few data. And there are many trainable parameters in those
deep learning-based methods, costing much computation resources. To solve those challenges, a lottery
ticket-based deep sparse transfer method is proposed for the plant disease identification. Specifically, the
deep lottery ticket hypothesis is introduced, in which a compressing strategy is designed to construct the
deep sparse network that distills useful information in the auxiliary domains, improving the transfer
efficiency. Then, a deep lottery ticket transfer algorithm is proposed to train a deep plant disease
identification model that can effectively detect the new pests of few data. Finally, the proposed method is
evaluated on the representative datasets, i.e., CIFAR-10 and PlantVillage, and the accuracy of detecting
new pests can achieve 97.69% in plantViuage with 70 %-parameter-reduction.
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Fig.1 Process of lottery ticket-based sparse neural network transfer
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Fig. 2 experimental results of lottery ticket-based transfer on benchmark datasets
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Fig. 3 Experimental results of lottery ticket-based transfer on Plant Village dataset
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