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Abstract ; With the development of computer vision technology, monocular simultaneous localization and mapping

(monocular SLAM) has gradually become one of the hot issues in the field of computer vision. This paper intro-

duces the monocular vision SLAM classification that relates to the present status of research in monocular SLAM

methods from several aspects, including visual feature detection and matching, optimization of data association,

depth acquisition of feature points, and map scale control. Monocular SLAM methods combining with other sensors

are reviewed and significant issues needing further study are discussed.

Keywords : monocular vision; simultaneous localization and mapping; extended Kalman filter; computer vision;

feature detection and matching
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Fig. 1 Flowchart of EKF based Monocular SLAM
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