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A Survey of Visual SLAM Application of Deep Learning in
Visual SLAM Research

JING Xueliang, WANG Chensheng, YANG Guang, LI Yangjiang
(Beijing university of posts and telecommunications automation,Beijing 100876)

Abstract: At present, Simultaneous Localization and Mapping (SLAM) using visual sensors has
gradually become a hot research topic of SLAM. Firstly, the basic structure of visual SLAM is
introduced, and the limitations of traditional feature-based method and direct method are analyzed.
Then the latest research results of visual odometry and loop closure detection using depth learning
method in visual SLAM are reviewed, and the deep learning method and traditional method are
compared briefly. Finally, the development trend of visual SLAM is proposed.

Key words: deep learning; visual SLAM((simultaneous localization and mapping); visual odometry;
loop closure detection
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