$29 % 5 6 3] AR R 2 2 4 (A AR B2 D Vol 29,No 6
20224F 121 JOURNAL OF COMMUNICATION UNIVERSITY OF CHINA (SCIENCE AND TECHNOLOGY) Nov, 2022

5| g JAl kR Sl T G BUR 2% R 105 < 0 B [ ] b B AR R (A 8RR, 2022,29(06) :01-08+42.
XEHS:1673-4793(2022)06-0001-09

ETELRMENT G RSB PR
JAIE R, K e

(PEAFRAF FEMNAFERERRFR, LT 100049)

TEE: BOC A M5 2 B350k FUR A RS Z 0 U5 B A 2 i AR bR b4 73 4, 1A 2% SR 3 45 LA 45 R4 AH G 1 B € 1
FEXTE AT B AT HER . AR SCIR G A 2 1 LART A5 ORI (5 8, 3 2 U3 1 el o R ) 6% [) i 2 282 1 o 2 1 A s
8, I BT IS B0 00 I 25 48 = TR i b 76 RIS BRI 2% oy AR SOffi FH 22 S PRI 1 1R FRL B 22 s 1k AR A
AL A5 AR i e 3B I, 38 1 Jm B i S ST 1 R T R S BRAE (Y 1R SUE B . ARSCR R T AL T 2540 1Y )R
-4 S AR 2 SRORBE T T LA {5 S8 A 25 B 2 3 A7 5 13 T 0k 2 AR R e ) T e o o

KRR B PR KSR 46 6 Pk

FESZES TP391.4 XERFRIAAG:A

Super-resolution of color point clouds based on graph convolu-
tional networks

ZHOU Yichen, ZHANG Xinfeng*
(School of Computer Science and Technology, University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: The existing point cloud super-resolution methods only used the geometric information to
reconstruct the coordinates of the point cloud, without considering the color attributes associated with the
geometric structure and super-resolving the color information. In this paper, the geometric and color
information of the point cloud are jointly used to reconstruct the coordinates and color of the point cloud
simultaneously by a dual-stream graph convolution network, and a discriminative network based on the
graph convolution is used to improve the quality of the reconstructed point cloud. In the graph
convolution network, we use multi-attribute joint graph convolution to form a local graph of points with
similar multi-attribute features, thus enhancing the correlation of nodes in the local graphs and extending
the scope of contextual information for local graph convolution operations. We also propose multi-level
geometric constraints and geometric information-based point cloud color constraints, which effectively
improve the reconstruction quality of coordinates and colors.
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