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Real-time Visual Localization Method for Light-rail With High Accuracy

WANG Ting-Xian"*? JIA Ke-Bin"** YAO Meng'

Abstract As an important part of the urban public transportation system, it is imperative to realize the intelli-
gent management of light rail. By considering the practical requirements like high accuracy, real-time performance,
and easy installation, this paper proposes a visual localization method based on global-local features and keyframe
retrieval. Under the guidance of semantic information, the region with high significance in each reference frame ob-
tained by the monocular camera is extracted as the key region. Combined with the location cues of pixels, unsuper-
vised learning is used to filter the pixel pairs with strong description force in the key region to generate the binary
pattern, which greatly reduces the computation of feature extraction and matching in the online module while im-
proving the matching accuracy. Secondly, the keyframes obtained based on the discrimination score can effectively
avoid the interference caused by the scene with analogous appearance, and assist to improve the accuracy and effi-
ciency of online scene matching. The Nordland dataset and the challenging light rail dataset are used for testing.
The experimental results show that the precision of the system can reach more than 90% while meeting real-time re-
quirements.
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Fig.1  The framework of our proposed light-rail localization system
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Fig.2  Illustration of computing saliency score of pixel
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Fig.3 Distribution of keyframes in the reference sequence
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