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Abstract—A fruit classification and recognition scheme based on lightweight convolutional neural network(Mobilenet
V2) is proposed. Firstly, the fruit image data are preprocessed. Secondly, the fruit images was enhanced and mirrored
to obtain high-quality image samples and the number of samples. Finally, the Mobilenet V2 is used to build a fruit
image recognition model based on convolutional neural network, and the decomposable deep separable convolution of
the deep learning network is used, which can not only reduce the computational complexity of the model, but also

greatly reduce the size of the model and obtain the appropriate combination of training parameters.
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