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Fig. 1 Flow chart of overall algorithm
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Fig. 2 Structure of the proposed LaneSegNet network
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Table 1  Accuracy comparison of detecting lane line on TuSimple
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Fig. 7 Comparison of lane line detection on TuSimple
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% 2 CULane FELKHEMNAEFHELLE (IoU=0.5)
Table 2 Accuracy comparison of detecting lane line on CULane (IoU=0.5) Yo

Tk ki) & | Lt F1% Hik (58 B jizgn| ER il
SCNN!'7J 90.6 69.7 66. 1 43.1 66.9 84.1 58.5 64. 4 53.2 71.6
SAD!7] 90. 1 68. 8 66.0 41.6 65.9 84.0 60. 2 65.7 65.38 70. 8
PINet %] 90. 3 72.3 67.7 49.8 68. 4 83.7 66.3 65.6 79.56 74.4
LaneSegNet 92.5 73.8 69.3 47.5 69. 8 85.7 67.7 66. 1 76.4 75.2
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LaneSegNet . an efficient lane line detection method

HU Xuyang' GAO Shangbing' WANG Changchun' HU Liwei’ LI Shaofan'
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Abstract Lane detection plays an important role in intelligent transportation.The accurate and fast lane detection
is important for assisted driving and automatic driving.In view of the poor accuracy and slow speed of deep learning
methods for lane line recognition,a method abbreviated as LaneSegNet is proposed for efficient lane line segmenta-
tion. First, based on the principle of encoding and decoding network ,a backbone network Lane-Net is constructed to
extract the lane line features and segment the lane lines.Then , the multi-scale dilated convolution feature fusion net-
work is used to greatly expand the receptive field of the model and extract the global features.Finally ,the hybrid at-
tention network is used to obtain rich lane line features and enhance the information related to the current task.The
experimental results show that the accuracy of this method is 97. 6% on TuSimple dataset, while on the CULane
dataset, the detection accuracies are 92.5% and 75.2% for standard pavement and multiple pavements,
respectively. Compared with other models, the proposed LaneSegNet has better segmentation accuracy and reasoning
speed,and has stronger adaptability and robustness.

Key words intelligent transportation ;lane line detection ;dilated convolution ;attention mechanism



