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Road Lane Line Detection Method Based on Improved YOLOv3 Algorithm

CUI Wen-Liang® WANG Yu-Jing' KANG Shou-Qiang' XIE Jin-Bao'
WANG Qing-Yan' MIKULOVICH Vladimir Ivanovich?

Abstract Aiming at the problem that the YOLOv3 algorithm has low accuracy, high probability of missed detec-
tion when detecting road lane lines, a road lane detection method for improving YOLOv3 network structure is pro-
posed. At first, the method divides the image into multiple grids, and uses the K-means++ clustering algorithm to
determine the number of target priori boxes and the corresponding value according to the inherent characteristics of
the road lane line width and height. Then, according to the clustering result, the network anchor parameter is op-
timized to make the training network have certain pertinence in lane line detection. At last, the features extracted
by the Darknet-53 are spliced, the network structure of the YOLOv3 algorithm is improved, and the GPU is used
for multi-scale training to obtain the optimal weight model, thereby detecting the lane line target in the image and
selecting the bounding box with the highest confidence to mark. Using the image information in the Caltech Lanes
database for comparison experiments, the experimental results show that the improved YOLOv3 algorithm’s mean
average precision is 95% in road lane detection, the improved detection speed can be achieved 50 frame/s, which is
11% higher than the original algorithm and significantly higher than other lane detection methods.
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Fig.3  The network structure of the improved YOLOv3 algorithm
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