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Abstract; With the application of large scene 3D point cloud in more and more fields, the classification research of laser point cloud in
large scene has been deepened in recent years,and various classification models emerge in endlessly and perform well in the large—scale
scenic spot cloud classification task,but there are still problems such as long training time ,complex calculation and low classification ac-
curacy. Aiming at such problem of low classification accuracy,a three—dimensional scenic spot cloud classification framework model
based on Feature — RNet is proposed to realize point cloud classification. The framework model does not directly take the three —
dimensional point cloud data as the input,but takes the two—dimensional features of the three—dimensional point cloud extracted by KNN
method and the feature image constructed by the three—dimensional features as the input, which avoids the inadaptability of the network
framework to the direct processing of the three—dimensional point cloud data. The framework structure of RNet designed by the model
uses the residual module and modifies it to improve the classification accuracy. The open Oakland 3D data set is used to train the Feature—
RNet framework model. Compared with other existing deep learning classification frameworks, the proposed Feature—RNet framework
model has a great improvement in classification accuracy,and the overall classification accuracy can reach 97.7% .
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