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Abstract: In order to solve the problem of difficulty in balancing real-time and accuracy of lane detection in complex scenes such as
shadows and nights using traditional image processing methods, a fast lane detection algorithm based on feature fusion and anchor point
classification is proposed to meet the needs of real-time traffic scenes. In the image preprocessing stage, the image is divided into grid
like row anchors, and lane detection is transformed into a row anchor classification problem, significantly reducing computational
complexity. The lane detection network adopts ResNet-18 as the backbone network and introduces an aggregation module to enhance
context feature extraction and improve the ability to capture lane structure information. Combining feature pyramid network ( FPN) to
achieve multi-scale feature fusion and complement local and global features of lane markings. In addition, an auxiliary segmentation
branch with ASPP module is introduced to further optimize the accuracy of lane detection. Experiments were conducted on the public
datasets TuSimple and CULane, and the accuracy on the TuSimple dataset reached 96.16%, with a running time of only 3.2 ms;
Obtained 70.3% F1 score and FPS of 310 fps on the CULane dataset. The experimental results show that the proposed method
significantly improves detection speed while ensuring detection accuracy.
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Fig. 1 Schematic diagram of anchor point classification
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Fig.2 Structure diagram of lane line detection network
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Table 3 Performance comparison results of TuSimple
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Res34-Seg! '/ 92. 84 50.5
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Res34-LaneATT " 95. 63 5.9
Res18-UFLD'® 95. 81 3.2
DAMLaP-Net!'®! 96. 46 12.7
LaneNet! '] 96. 38 19
Res18-UFSA-LD! ! 96. 03 7.3
SGRNeXt!*! 95.7 18.6
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LkLaneNet 2" 95.94 7.9
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Table 4 Performance comparison results of CULane

Category  Res50-segl'®) Res34-SAD!¥) sAptt) SCNN!8 FD-50-% Res18-UFLD'!  ResI8-UFSA-LD!! A
Normal 87.4 89.9 9. 1 90. 6 85.9 87.7 89.1 89.5
Crowed 64. 1 68.5 68. 8 69.7 63.6 66. 0 69. 6 68. 8
Night 60. 6 64. 6 66. 6 66. 1 57.8 62. 1 65.3 64. 1
No-line 38.1 42.2 41.6 43.4 40. 6 40.2 38.4 40.7
Shadow 60.7 67.7 65.9 66.9 59.9 62.8 68.9 60. 4
Arrow 79.0 83.8 84 84.1 79. 4 81.0 84.4 83.9
Dazzlelight 54.1 59.9 60.2 58.5 57.0 58.4 57.3 58.3
Curve 59.8 66.0 65.7 64. 4 65.2 57.9 59.1 58.4
Crossroad 2 505 1 960 1 998 1999 7013 1743 2218 1 809
Total 66.7 70.7 70. 8 71.6 — 68.4 70.2 70.3
Wi/ fps — 19. 8 74.6 7.5 — 322 143 311
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