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Improved Curve Lane Detection Algorithm for Autonomous
Vehicles Based on YOLOvVS

RUAN Tinghai, FAN Weihua
(School of Automation, Nanjing University of Science & Technology, Nanjing 210094, China)

Abstract: Aiming at the problems of low detection accuracy and difficult practical application in automatic lane detection

in the field of automatic driving, a mixed lane detection algorithm based on YOLO and traditional image processing algorithms

is studied. Based on the video captured by the on-board sensors, YOLOvVS algorithm is used to detect and mark the objects

near the front or side of the vehicle, and the image viewpoint is converted to a bird’s-eye view, and the quadratic polynomial

method based on sliding window is used to identify the lane lines with current frame, and fuse the lane information of previous

frames to detect the lane in the current frame. Tests on datasets and actual scenarios show that the algorithm improves the

detection accuracy by more than 10% and significantly increases the detection speed.
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