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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
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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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Tab. 2 Quantitative experiment results of proposed al-
gorithm on CULane

Method Normal  Crowd Dazzle Shadow  Noline

SCNNU! 90.60 69.70 58.50 66.90 43.40
FastDraw®! 85.90 63.60 57.00 69.90 40.60
UFSD-18" 87.70 66.00 58.40 62.80 40.20
UFSD-341 90.70 70.20 59.50 69.30 44.40

LaneATTR 91.17 72.71 65.82 68.03 49.13

Ours 91.21 76.33 69.51 73.25 50.16
Method Arrow Curve Cross Night Total
SCNNE 84.10 64.40 1990 66.10 71.60

FastDraw®! 79.40 65.20 7013 57.80 -
UFSD-18" 81.00 57.90 1743 62.10 68.40
UFSD-341 85.70 69.50 2037 66.70 72.30

LaneATT® 87.82 63.75 1020 68.58 75.13

Method acc(%) FP(%) FN(%) FPS
SCNNE! 96.53 6.17 1.80 75
LaneNett 96.38 7.80 2.44 52.6

PolylaneNet!*! 93.36 9.42 9.33 115
FastDraw®! 95.20 7.60 450 90.3
R-50-E2E1Y 96.04 311 4,09 -

ours 96.63 6.02 2.03 134
CULane
ground-truth  loU Intersection-over-Uni-
on 0.5 TP True Posit-
ive F1-measure
F1 measure = PRE_REC ;
(1 ) PRE+ REC’
where =05 ;

Ours 88.72 71.25 1265 70.73 77.32
3}
Tusimple
CULane
96.63%  77.32%

134 frames/s
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