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Abstract: The current photo refined recognition is mainly based on traditional machine learning, and the recognition accuracy cannot guarantee

a wide range of applications. Some methods based on neural network model are difficult to take into account the efficiency while improving the

accuracy. In this paper, we proposed a lightweight convolutional neural network(CNN) model, which could reduce the amount of parameters and

the calculation of model, thereby improving the speed. This method includes cross-stage fusion and multi-scale fusion strategies to strengthen the

feature learning ability of model and improve the prediction accuracy of model. In the identification of pineapple, grapefruit, banana and other

surface vegetation using pictures in the third territorial survey, we carried out the comparison experiment with the mainstream model. It is found

that the model proposed in this paper has improved both in terms of recognition speed and accuracy.
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