H30 5 A4 4

HTENMKRSEZR

2020 4F 4 H

1 # &

—METEENNHN =% S ZWERA 7T &

A R BAEXR, FiER
(HFIRHERHTFARELERE LK L4 214000)

B S SEIEE T B TTHEN RS, FE =4 5 B A EAT R B A ) BB S Y 2 R P A Rl Ak S X B
BAERAL B S = HES RSV, SR Ak ik — SR S = M B 45 (R R E RS 2 REEWURE, 5H—
D5, KA i s s R B R AR B AR AR R AN T AR R . £FSE R 42 T AttentionPointNet 1)
WL L84 o Z PRI B LE (A 5 s R A AT RESC B, S T R S 2R E B LG . MR IRR
Kb AbE A B 3R T — R B TR T ok B A AL B . R R R K R s S PR e 4 R (5 B g
WL, £ ModelNet40 $#i4E I, AttentionPointNet J{Ui5 T 87. 2% MUMERIZR . Al FNALIE , 58 4% FH 4 AHUZ SR At A 50 1 75
T 86.2% WA SEHERI R,

KR GEB NS S PR Ak RS STR
B4 %S . TP301 XERARIRAD: A
doi:10.3969/j. issn. 1673 -629X. 2020. 04. 008

XEHS:1673-629X(2020)04-0041-05

A 3D Point Cloud Object Recognition Method Based on
Attention Mechanism

ZHONG Cheng,ZHOU Hao-jie, WEI Hai-liang
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Abstract ;3D point cloud data usually has an unordered structure. In the field of point cloud data processing, deep learning models usually
use the symmetry operations such as maximum pooling to deal with the permutation invariance of point clouds. On the one hand, this ap-
proach often destroys local information of point cloud data. On the other hand,the maxpooling method over—compresses point cloud in-
formation,and the extracted features are insufficiently described for local details. Aiming at those problems, we propose a network
structure called AttentionPointNet which uses the attention mechanism to make each point interact with the rest of the point cloud to
achieve the integration of local and global information. In order to reduce the information loss caused by the maximum pooling, we
propose a sparse convolution to replace the pooling layer, which uses large stride sparse convolution to extract global information. On the
ModelNet40 dataset, AttentionPointNet achieves 87.2% classification accuracy. The model, which only uses convolution layers to replace
maxpooling layer, achieves 86.2% classification accuracy.
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