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Abstract: An improved visual SLAM algorithm of RGB-D was proposed aimed at prominent problem
of accumulative position error and large calculated amount of traditional visual SLAM algorithm under
the application background of wheeled mobile robot in the thesis. SURF algorithm was used to extract
features, and random sample consensus (Ransac) and iterative closest point (ICP) algorithm were
used to estimate and optimize movement process according to matching result in proposed algorithm;
semi-random loop detection was introduced in the optimization process of back-end graph. Defects of
recent detection of current frame and loop detection of historical frames were overcome by changing extraction
method of key frames, which improved accuracy of matching and reduced calculated amount at the same time.
Experimental result of open-source robot operating system (ROS) shows that speed of processing one frame
data by proposed improved visual SLAM algorithm of RGB-D is 0. 030 s approximately, which accelerates

processing speed, saves calculated amount and strengthens real-time performance of the algorithm on the basis
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of satisfying accuracy and completeness of obtained 3D point cloud map.
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Fig. 3 Flow-sheet of semi-random loop closures de-

tection method
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