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RGB — D Visual SLAM Algorithm for Mobile Robots

CHEN Shao'®>  GUO Yuxiang'® GAO Tianxiao'> GONG Qingyuan'?> ZHANG Junguo'’
(1. School of Technology, Beijing Foresiry University, Betjing 100083, China
2. Key Laboratory of National Forestry and Grassland Administration for Forestry Equipment and Automation, Beijing 100083, China)

Abstract; In view of the problems of low accuracy and poor real-time in the research of visual
simultaneous localization and mapping, a RGB — D vision SLAM algorithm for indoor mobile robots was
proposed. Firstly, feature points of RGB image were extracted by using oriented fast and rotated brief
(ORB) algorithm, and matching point pair set was obtained by the bidirectional K-nearest neighbor
(KNN) feature matching method based on fast library for approximate nearest neighbors ( FLANN). The
improved random sampling consistency algorithm ( RE — RANSAC) was used to eliminate false matching
points and estimate the 6D motion transformation model between two adjacent images, as the initial
transformation model of GICP algorithm. The generalized iterative closest point algorithm ( GICP) was
used to obtain the optimized motion transformation model, and then the pose diagram was obtained. In
order to improve the positioning accuracy, a random closed-loop detection link was introduced to reduce
the cumulative error in the robot positioning process, and the pose diagram was optimized by using the
general graph optimization (G20) method to obtain the global optimal pose diagram and camera motion
trajectory, and the global color dense point cloud map was finally generated. For the tested FR1 data
sets, the minimum positioning error of the algorithm was 0. 011 m, the average positioning error was
0.024 5 m, and the average processing time of each frame was 0. 032 s, which can meet the requirement
of rapid positioning and mapping of mobile robots.

Key words: mobile robot; RGB — D visual simultaneous localization and mapping; generalized iterative

closest point; figure optimization
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