2022 &£ 11 A
Nov. 2022

®12E F1H 2 B8 it E M5 M A

Vol.12 No.11 Intelligent Computer and Applications

X EHE. 2095-2163(2022)11-0172-08 FE %S TP391 XHEkFRER: A

EHF it SOM-K-Means EZH =% =5 K

SiE¥, HER
( EBEBIXRE ABEEESITEIIRERE, LiE 200093)

& E. A AT S SR BRGS0 A BT T A B, AR SR R — B Rl i T ik 7R
AT R GR 5 AT TIAL B X 28 5 1) 15 = AR 2% B LA/ 08 i SRR 1) 0, 2 B AT = M T PN R e 4 1 D o 1 L 57 3%
FRRAE | DR 5 5 5 0 R 1 B T B 1) 05 = B i A SOM =K ( K—Means A1k 4 1 25 27 e St ot 25 I 4% ) T80 1k 1
R, TP RIS 0 BRI AT38 43 PointNet 25 547 s 2 BB AFRAE FO4R B, X R AT S5 A T4FAE SR EUAY 7 2 1T LA
FEOME R 15 T 8 23 A P A A R I BRSNS I BRI ) 18 1A

K49 . SOM-K-Means 535 ; =485 =025, =ML NIRELMGE

3D point cloud classification based on improved SOM-K-Means algorithm

WU Chunxue, HU Zhenhao

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

[ Abstract] For the current point cloud classification, the original point cloud is directly used as input and the number of point
cloud classifications is preset in advance. This paper proposes an improved method to preprocess the original point cloud before
input, and lower the density of the dense point cloud and reduce the amount of calculation, and the sparse point cloud is linearly
interpolated inside the triangle in order to extract the complete features, thereby improving the accuracy of point cloud classification.
The preprocessed point cloud data is input into SOM-K ( K-Means optimized self-organizing map neural network) model for
clustering, then the point cloud data after clustering is extracted through the PointNet network in parallel to extract the features of the
point cloud data. This method of first clustering and then feature extraction can fully retain the distribution characteristics of the point
cloud in the point cloud space, and could not increase the calculation time for special detection and extraction of data.
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Fig. 1 The flow chart of the algorithm in this paper
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Fig. 2 Flow chart of point cloud screening
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Fig. 8 Clustering visualization results and the corresponding SSE curves
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