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Vision-based road scene modeling
CHONG Yuxiang, LIANG Yaozhong

(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In the 21st century,with the development of artificial intelligence, the research of smart cars has become a hot topic,
and the basis of smart car research is the positioning problem. There are currently two positioning methods, one is simultaneous
localization and mapping( SLAM) , the other is a positioning method based on road scene representation modeling. Each method has
corresponding advantage. This paper optimizes and improves the vision—based road scene representation modeling and positioning
method. First of all, this paper proposes a method for point cloud processing, which takes different weights for the point cloud within
a certain distance of the current Z coordinate and performs weighted projection to construct a two—dimensional road scene. The ORB
feature extraction operator is used to extract two—dimensional features,and the visual mileage calculation method is used to obtain
vehicle trajectory information. A lightweight neural network is constructed to detect road sign features, such as lane lines, zebra
crossings ,road signs,etc. And the problem of poor accuracy in two—dimensional scenes is supplemented.
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Fig. 1 Node elements of road scene representation model
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Fig. 2 Point cloud preprocessing
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Fig. 3  Schematic diagram of distance — related visual point

cloud weighted projection method
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Fig. 4 Two—dimensional scene feature image
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Fig. 5 Feature extraction diagram
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Fig. 7 Road sign feature detection result
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Fig. 8 Scene map of test section
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Fig. 9 Visual trajectory graph and cumulative error graph
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