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Abstract; Aiming at the problem of extracting features from irregular and sparse points, a 3D point cloud tar-
get detection algorithm using dynamic convolution as feature extraction is proposed. Firstly, a new dynamic
convolution method is used to adaptively learn the position features of points, and classify the foreground
points and background points. At the same time, the extracted foreground points are used as regression boxes
one by one. Then, non maximum suppression is used to select the regression box with the best score, second-
ly, the granularity is refined to obtain a 3D regression box of the revised standard, and the target detection of
3D objects is completed. Finally, the validity of the algorithm is verified on KITTI data set. The results show
that the proposed algorithm has higher detection precision of 3D point cloud target on the car, pedestrian and
bicycle data sets.
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