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Survey of Research on Visual Odometry Technology for Mobile Robots

CHEN Mingfang HUANG Liang’en WANG Sen ZHANG Yongxia CHEN Zhongping
( Faculty of Mechanical and Electrical Engineering, Kunming University of Science and Technology, Kunming 650500, China)

Abstract; With the continuous development of mobile robot technology, odometry technology has become
a key technology for mobile robots to realize environmental perception, and its development level is of
great significance to improving the autonomy and intelligence of robots. Firstly, the current development
status of laser simultaneous localization and mapping ( SLAM ) and visual SLAM in simultaneous
localization and mapping was systematically explained. The classic SLAM framework and its mathematical
description were expounded, and the camera models of three common types of cameras and their
mathematical description of visual odometry were briefly introduced. Secondly, the research progress of
traditional visual odometry and deep learning odometry were systematically elaborated. The advantages
and disadvantages of various mileage calculation methods in the past ten years were compared and
analyzed. In addition, the performance of seven commonly used data sets was comparatively analyzed.
Finally, the problems faced by odometry technology were summarized from the aspects of accuracy,
robustness, data sets, and multi-modality, and five development trends of visual odometry were
prospected from the aspects of improving the real-time performance and robustness of the algorithm. For
the development of more intelligent and miniaturized new sensors, the integration with unsupervised
learning, the improvement of semantic expression technology and the development of cluster robot
collaboration technology were introduced.
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Fig.1 Overall block diagram of development

of visual odometry
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Fig. 15 Obtaining dataset scenarios
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Fig.16 Semantic image sequence
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Fig. 17 Partial ETHI dataset sequence
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Fig. 18 Partial TartanAir dataset sequence
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