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Abstract: An EfficientNet model based cassava disease recognition method was proposed for fast and accu-
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rate recognition of cassava disease images. The method first addressed the imbalance in the distribution of
the input samples, performed the data enhancement by three data enhancement methods of Mixup, Cut-
Mix and GridMask. The feature was extracted by EfficientNet-B4 model after data enhancement, then
warmup combined with cosine annealing learning rate was introduced to prevent the model from overfitting
at early stage and slow convergence speed at late stage. The experimental results show that compared with
the mainstream VGG16 and ResNetl01 models in recent years, the model used in this paper not only has a
much smaller number of parameters than the two models, but also has a better performance on classifica-
tion of cassava leaf disease image than that of two models. It is less computationally intensive, with higher
model accuracy and faster training, which meets the requirements of practical applications. EfficientNet
model can achieve 90% classification accuracy on cassava leaf disease data.
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