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Fig. 2 3D pointcloud map constructed by three
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Fig. 3 Ground truth and actual trajectory of three key-frame selection algorithms
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RGB-D SLAM algorithm based on improved key-frame selection

LI Yixing, LIU Shirong”, ZHONG Chaoliang, WANG Jian

( School of Automation, Hangzhou Dianzi University, Hangzhou 310018, China )

Abstract: The key-frame selection is an important factor to improve the accuracy and real-time of
visual SLAM algorithm. The key-frame selection is often based on the relative motion distance of the
images. This method is simple and effective, but with poor real-time and robustness, and is easy to
generate a large number of redundant key-frames. Aiming at the above problems, an improved key-
{rame selection algorithm is proposed. The algorithm incorporates the distance of relative motion of
the frames, the feature points tracking and the minimum visual change to select a key-frame and delete
the redundant key-frames. Based on this algorithm, combined the ORB (oriented FAST and rotated
BRIEF) features with better direction and illumination invariant, the RGB-D SLLAM algorithm is
implemented. Experiments on RGB-D datasets indicate that the improved key-frame selection
algorithm can be more accurate, timely in selecting key-frames, and improve the real-time and the

accuracy of mapping and localization while reduce the redundant key-frames.

Key words: key-frames selection; redundant key-frames deletion; ORB feature; RGB-D SLAM



