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Abstract: In order to improve the performance of lane detection algorithms under complex scenes like
obstacles, we proposed a multi-lane detection method based on dual attention mechanism. Firstly, we de-
signed a lane segmentation network based on a spatial and channel attention mechanism. With this, we ob-

tained a binary image which shows lane pixels and the background region. Then, we introduced HNet which

Wieks B H#A: 2022-03-04; 21T HHA: 2022-04-06

ESIWB: KAl [ AR %5 4 F 550 H (No. 17JCZDIC30400) 5 ) 4 44 5 5 40 8 F % 3131 191 H (No. 2019B
090922002)
Supported by Key projects of Tianjin Natural Science Foundation (No. 17JCZDJC30400); Special Project for
Research and Development in Key Areas of Guangdong Province (No. 2019B090922002)



646 FEYEE (REs0)

#16 %

can output a perspective transformation matrix and transform the image to a bird’s eye view. Next, we did

curve fitting and transformed the result back to the original image. Finally, we defined the region between the

two-lane lines near the middle of the image as the ego lane. Our algorithm achieves a 96.63% accuracy with

real-time performance of 134 FPS on the Tusimple dataset. In addition, it obtains 77.32% of precision on the

CULane dataset. The experiments show that our proposed lane detection algorithm can detect multi-lane lines

under different scenarios including obstacles. Our proposed algorithm shows more excellent performance

compared with the other traditional lane line detection algorithms.

Key words: lane detection; semantic segmentation; attention mechanism; lane fitting
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Fig. 3 Schematic diagram of proposed lane detection algorithm
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Fig. 5 Schematic diagram of the position attention module
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FastDraw 95.20 7.60 4.50 90.3
R-50-E2E®! 96.04 3.11 4.09 -
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