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MLMS-Net. A Point Cloud Classification Network with
Multi-Level and Multi-Scale
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Abstract: A point cloud classification network with multi-level and multi-scale (MLMS-Net) is
proposed to improve the problem that the traditional point cloud classification network extracts
single-level features and teh classification accuracy is low. First, a preprocessing algorithm is
used to segment the original point cloud into small samples to obtain mini-batch and so as to
improve training efficiency; Then the K-nearest neighbor algorithm and an edge feature vector are
used to extract the low-level structure features and edge features of the point cloud, and the
context information is effectively obtained through setting different neighborhood values. Local
fine-grained descriptions are obtained through multi-level expression within and between points.
Then convolutional neural networks are constructed for two low-level features separately. With
the deepening of the network level, the degree of feature abstraction level is higher and higher,
and the degree of distinction increases, so as to effectively improve the accuracy; Finally, the
post-processing module is used to fuse the deep features, and the point cloud classification task is
completed. The Vaihingen data set is used to test the MLMS-Net network, its classification

accuracy is improved by 0. 6% to 15. 9% compared with that of the single-level network.
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