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Abstract: Visual odometry ( VO) estimates the pose of a mobile robot by analyzing the image flow captured by the equipped
cameras. In order to analyze the development of VO algorithms this paper reviewed the related technologies of VO and the up—
to-date research state combined with some advanced VO systems. Firstly this paper described the concept and the evolution of
VO and introduced the mathematical description and the classification of VO. Then it analyzed the key technologies of VO in
details including feature selection motion estimation and drift reduction. In addition it also introduced the latest deep learn—
ing based VO. At last it discussed the existing problems and prospected the development trend of VO.
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