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Nearest neighbor search hardware accelerator for point cloud recognition

CHEN Li, LI Zhenmin, MA Yuging
(School of Microelectronics, Hefei University of Technology, Hefei 230601, China)

Abstract; As one of the mainstream algorithms for point cloud recognition, dynamic graph convolutional neu-
ral network(DGCNN) is mainly composed of edge convolutional layers, and the nearest neighbor search takes
up 63% of the computing time of edge convolutional layers. Aiming at the problems of low accuracy and slow
speed of existing nearest neighbor search accelerators, this paper proposes a design of nearest neighbor search
hardware accelerator for point cloud recognition. In this accelerator, a parallel bitonic flow sorting structure
based on point cloud segmentation is adopted for two rounds of bitonic sort, and Manhattan distance is used
instead of Euclidean distance to measure the distance between points. Experimental results show that the
speed of the proposed nearest neighbor search accelerator is 3. 6 times faster than that of the existing point
cloud nearest neighbor search accelerator under the same experimental environment configuration.
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