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Abstarct: Three dimensional point clouds are widely used in robots and automatic driving. The research resulis of deep learning on

two—dimensional images are remarkable, but how to
open problem. At present, due to the complexity
caused by the change of the scanning distance of

exist. Aiming at the problems of low classification

use deep learning to identify irregular three—dimensional point clouds is still an

of the data of the scenic spot cloud itself, the uneven distribution of points

the point cloud, and the challenges caused by noise and abnormal points still

efficiency and low classification accuracy of the existing deep learning Network

framework for laser point cloud data, a CNN Transform framework based on laser point cloud feature image and Light-BotNet is

proposed. The framework is to extract the features of point cloud data, construct the point cloud feature image with adjacent feature

points as the input of the network framework, and finally take Light—BotNet as the network framework model for point cloud classi-

fication training. The experimental results show that compared with most existing point cloud classification methods, this method can

better improve the classification efficiency and accuracy of laser point cloud.
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