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A review of vision SLAM methods on mobile robot
LI Yanzhen, SHI Liguo, XU Zhigen, CHENG Chao, XIA Qingquan
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[ Abstract] Simultaneous Localization And Mapping ( SLAM) base on vision sensors is one of the key technologies of mobile
robot navigation. The visual SLAM system has the advantages of low cost and easy installation. Compared with laser SLAM, visual
SLAM can obtain a large amount of texture and color information in the environment, extract more feature information, and have
better scene recognition capabilities. Based on the current research status of visual SLAM for mobile robots, this paper reviews the
principle, classic methods and research hotspots of visual SLAM, and discusses the problems and development trends of visual
SLAM.
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