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Recognition and Segmentation of 3D Point Cloud by Dynamic Graph
Attention with Adaptive Generated Convolutional Kernel

YANG Jun'?,GUO Jiachen?

(1. School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China;
2. School of Automation and Electrical Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: As the current algorithms fail to fully extract local features and result in significant degradation of
network accuracy when performing geometric transformations such as translation, scaling, and rotation on point
cloud data, this paper proposes a dynamic graph attention—based 3D point cloud recognition and segmentation
algorithm based on adaptive generated convolutional kernels. Firstly, the positional information of the center point in
the receptive field is used to enhance the contextual information perception of neighboring points. The receptive field
is reconstructed to enable sufficient interaction of feature information within the receptive field and enhance the
contextual information by improving the self-attention mechanism. Then, an adaptive generated convolutional kernel

is constructed to capture changing point cloud topology information and adaptively generate convolutional kernel
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weights to enhance network performance. Finally, a dynamic graph attention convolutional operator is built, and a
dynamic network for point cloud recognition and a U-shaped network for segmentation are designed. The
experimental results show that the proposed algorithm achieves a recognition accuracy of 94.0% in the ModelNet40
point cloud recognition dataset, and the instance mean intersection over union reaches 86.2% in the ShapeNet Part

point cloud semantic segmentation dataset. The algorithm proposed can exiract critical feature information from 3D

point clouds and is capable of 3D point cloud recognition and segmentation.

Key words: 3D point cloud; dynamic attention graph convolution; adaptive algorithms; model recognition;

semantic segmentation
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Fig.6 Illustration of the graph pooling
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Tab.3 Comparison of segmentation results of different algorithms %
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Tab.4 Visualization of segmentation results of different algorithms
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Tab.5 Part segmentation in terms of cls. mIoU with translate, scale and rotation variations on ShapeNet Part dataset %
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Fig. 10 Epoch and segmentation accuracy

3.3 JHELEIE
3.3.1 4ARE4KR

A SCAE A 3t JR 8 408 dul B T KNN B3, 4
B MO, sz By O H b AR B H M RE
TE 9 45 HHEAT Jad 04 ik 12 HBUAST E 408 52 i ) 205 1) 1 RE
T AR S Jo P8 408 I 7 1 /N A8 AR B M SR
00 S5 0 A A R DA O 28 A AR 1 B i AL E
08 S8R [l ok /0N 2 00 19 2% T vk 78 o ) BT 2 )R
F R, 5 2 0 205 A5 RO JRE A 2% 5 1T 2 1 B AL 2 1Y

LRI A H B R AR R, M ek ) BT
AHIRFAE , 52 X 285 455 70 2 5T JLAR[ 45 AE (R 6 77 . ik
A BEA B A 0 05 2 BN [R] AN R B s S e 5 1Y)
B 8B M A A 25 SR AR SO Al S G 2R
ModelNet40 45 4E 5 ShapeNet Part 245 42 4351 I i
LB B E MO GIRG B 5 A HIORE B R s, 25 A 4n
F 6w . NFR 6 T al LI IR BT 557 M 2 25 Bif
D) 285 45 B 38 B e A, 1T 43 BT 55 7E My 50 B I 288
JF e 5, 3% S i1 T ShapeNet Part /5 25 43 ) 505 42 19
By A A B ModelNetd0 sz PR 500 B0 52 10 2. 4%
PRI Y M3 R, 0 R0 4% A 45 RO = & AY LA
FFIE .
332 MBRBATHFEREANSBEENERETF

R T 20 U B AR SR iR R A AR D) R

F6 BFHRNRRIALNEHEIING

Tab.6 Influence of the receptive field size on recognition

and segmentation results %
Wik H M P B RS BE Sy EPF 2T
10 93.1 85.4
25 94.0 85.9
50 93.6 86.2
60 93.2 85.7
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Tab.7 Validation of F-E module and dynamic attention

graph convolution on recognition
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Tab.8 Validation of F-E module and dynamic attention

graph convolution on segmentation
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Model-2 82.5
baseline 81.7

A 86.2

e 5 2 sz B A e A A ey A T AL
il B AR T 2 )2 B A R T 2 — 20 B IE . il
SCIGHE ModelNetd0 SR ££E 5 ShapeNet Part Bk -
AT B RMF IR R REEZNA B E
AT 1) 1) dt g (L ) o 0 5 ) o e, AR SR JRUER 37
5 2 i A 3 ) g 5 B SRR R (R RS 082 B A
(B ) o S ) o K, OCTE T SR ARAEAS B S 1IR3z
S 1 ) A, 4 RSz B AR AR A5 R AR L DTG 3R A5
HA A AR A B A RS2 BT, TR T 52 TH 190 284
2% 10 M JH Al 5256 7F ShapeNet Part 04542 I 849 v #4L

4

®9 F-EERFB#HE B EENNNEH BRI

Tab.9 Validation of effectiveness of the improved self—

attention mechanism in module F-E %
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Tab.10 Visualization results of validation of effectiveness

of the improved self-attention mechanism
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