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Research on Point Cloud Classification of Robot Environment Based on CNN

XIONG Zhiguo ZHOU Hengxu FENG Yusheng
(School of Aviation, Beijing Institute of Technology, Zhuhai 519000, China)

Abstract: To solve the problems of large training model computation and complex algorithm network structure in current 3D
point cloud recognition algorithms, a research on point cloud classification in robot environments based on convolutional neural
networks (CNN) is conducted. Firstly, build a simulation service scenario for household related items in a robot simulation environment,
and use a simulated 3D LiDAR to generate environmental point clouds; Then, the environmental point cloud is clustered and segmented
into point cloud clusters of individual objects; Next, the 2D projection method is used to convert the 3D point cloud data into 2D image
information; Finally, by utilizing data augmentation technology to expand the dataset and combining it with the improved LeNet-5
convolutional neural network to train the recognition model, higher accuracy was obtained compared to the classic LeNet-5 model.
The experimental results indicate that it is feasible to segment the environmental point cloud into a single object before recognition,
and it has certain application value.

Keywords: robot environment understanding; laser point cloud; data enhancement; convolutional neural network; object
classification
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