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Graph-based SLAM Embedded Processing Technology

WU Linfeng, WANG Lutao
(College of Computer Science ,Chengdu University of Information Technology, Chengdu 610225, China)

Abstract ; Graph-based simultaneous localization and mapping allows the mobile robot to construct the surrounding map
in an unknown environment while determining the robot’s position in the map. The accuracy and computational efficiency
of Graph-based SLAM are better than those of the filter-based SLAM in complex environment, which has become the ma-
instream method. Graph-based SLAM uses the graph to represent and solve the SLAM problem, which requires high
computational resources and greatly limits its application in real-time on embedded systems. This paper proposes an opti-
mized SLAM processing technology based on NVIDIA TX2 and optimizes the SLAM algorithm according to its architec-
ture characteristics to speed up processing and achieve real-time processing of graph optimization. The experiments have
proved that the organic combination of high-performance embedded processing hardware and algorithm optimization can
effectively improve the processing performance of Graph-based SLAM in embedded systems.

Keywords : simultaneous localization and mapping; graph optimization; GPU parallel computing; embedded systems



