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Abstract : The accurate detection of road markings is a pre-requisite for safe advanced driver-assistance systems(ADAS).
LiDAR-based lane detection has some advantages over camera-based detection in terms of robustness in various weather
conditions, such as rain, and at night. However, LiDAR has a much lower resolution that may not detect enough lane
markings and can give false markings depending on the reflectivity of lanes and surroundings. Therefore, this paper proposes
a method to improve the LiDAR-based lane detection with the supplement of a camera. If the LiIDAR-detected lane does not
pass the proposed validation logic, the algorithm determines the use of a camera-based lane detection or estimates the
upcoming lane from the previous data. The proposed algorithm is evaluated by using the KITTI road lane data set consisting
of 851 frames. The proposed algorithm showed about 22 % accuracy improvement compared to the lane detection using

LiDAR alone.
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3. Lane Detection
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