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Research on crop disease recognition based on improved mobilevit
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(School of Computer and Information, Dezhou University, Dezhou 253023, Shandong, China)

Abstract: Agriculture is not only about the livelihood of hundreds of millions of Chinese people, it is also a basic industry for
national security. However, the frequent occurrence of crop diseases has become a major obstacle to agricultural development. In
order to quickly and accurately identify crop diseases and reduce the impact of diseases on agricultural production, this study
proposes a lightweight HCA — MViT network model based on MobileViT network structure. This model integrates coordinate
attention mechanism into MobileViT network to improve the model’s ability to extract crop disease features. At the same time, in
order to further optimize the network performance and reduce the amount of computation, the ReLU6 activation function in the
MobileViT structure is replaced with the Hardswish activation function to ensure the effective interaction and management of
information. The experimental results show that the performance of the proposed model has been significantly improved: the
accuracy of the model reached 99. 6% when applied to the PlantVillage dataset, and when tested on PlantDoc dataset, the recognition
accuracy is higher than that of MobileViT model by 4.2%. In particular, the weight file size of the model is only 4. 1 MB, which
is not only higher recognition accuracy, but also lighter and occupies less storage space than other existing network models.
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Fig. 2 Partial images of PlantDoc dataset
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Fig. 3 Example of data augmentation
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