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Abstract .

A plant disease identification method based on one-shot learning was proposed to solve the problem of

small plant disease dataset. Using eight kinds of plant disease images with few samples in the public dataset PlantVillage as

recognition objects, the disease classifier based on relation network was trained by using focal loss (FL). To improve the

accuracy of plant disease identification, the FL hyper-parameters were adjusted to focus the model on the hard samples dur-

ing the training process. The results showed that the recognition accuracy of this method was 89.90% in 5-way and 1-shot

task, which was 4.69% higher than that of the original relation network model. Besides, compared with matching network

and transfer learning, the accuracy of improved method was improved by 25.02% and 41.90% on experimental set.
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Fig.1 The histogram of image numbers of plant disease in PlantVillage
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Fig.2 Structure of relation network
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Table 1 The software and hardware setup in the experiment
g A
CPU; 3.40 GHz i7-3770 Ubuntul6.04

RAM: 8 GB CUDA9.0+CUDNN9.0

GPU: NVIDIA GTX 1070 Pytorch
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Table 2 The accuracy of adjusting the hyper-parameter a and y of

focal loss (FL) in 5-way, 1-shot

y « 5-way 1-shot 1% (%)
0 0.10 85.97
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