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Abstract; Aiming at the problem of small differences and indistinguishability between classes due to similar symptoms of disease and
insect pest,a crop disease and insect pest detection algorithm based on the improved Res2NeXt50 model is proposed. Firstly, grouping
convolution is performed in the Res2Net50 model to obtain the Res2NeXt50 model, which improves the feature extraction capability of
the model at the fine—grained level. Then,the 7x7 convolution is replaced with a new mixed convolution to extract local and global
features. The Gaussian Error Linear Unit (GELU) is used to replace the Rectified Linear Unit (ReLU) in the residual block in order to
improve robustness. Downsampling is improved to enhance information flow,and the number of network layers is adjusted to reduce the
amount of model computation. Secondly, Label Smoothing and Exponential Moving Average are used in training to improve the
generalization ability of the model. Experiments were carried out on the restructured Al Challenger 2018 crop disease and insect pest
dataset , which showed that the accuracy of the improved model was as high as 98.79% ,the number of parameters was 18.20M,and the
FLOPs was 3. 73G. Meanwhile, the model achieves 99. 89% and 99. 23% accuracy in Plantvillage and Plant _leaves datasets,
respectively. The proposed algorithm model has high recognition accuracy and strong generalization ability , which is more in line with
practical application requirements.
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