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Lane detection method based on multi-scale dilated fusion attention

Li Muyuan Zhang Lanchun Zhang Boyuan

(School of Automotive and Traffic Engineering, Jiangsu Institute of Technology,Changzhou 213001, China)

Abstract: The UFSA-LD algorithm faces challenges in extracting the thin and long structural features of lane lines,
such as information loss, difficulty in capturing long-distance context, and insensitivity to boundary detail recognition.
This paper proposes a lane line detection algorithm based on multi-scale atrous feature fusion attention: an MDFA
module is added to the UFSA-LD auxiliary segmentation branch, and the receptive field of the network is expanded
through atrous spatial pyramid pooling (ASPP) to capture lane features at multiple scales; a fusion channel and spatial
attention mechanism (FCBAM) is used to filter out interfering information from channel and spatial dimensions,
enhancing the representation of key features. The introduction of the Dice Loss loss function focuses more on the edges
and local structural information of the lane lines. Experimental results show that the detection accuracy of the improved
model on the TuSimple dataset has been increased from 95. 81% to 96.03% ; the F1 metric on the CULane dataset has
improved by 1. 8 compared to the original, validating the effectiveness of the model improvement.
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Fig. 1 Analysis of UFSA-LD Algorithm
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Table 3  Effects of different improvements on model accuracy

SIS MDFA Dice Loss Accuracy/ %
1 — — 95. 81
2 - N, 95. 88
3 N - 95. 96
4 N/ N/ 96. 03

B UI%GE BEsE WHilE ik s W
TuSimple 72 520 — 55640 <5 1 =8
CULane 88 880 9 675 34 680 <4 9 %
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Table 2 Training parameters
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Table 4 Comparison of test results and running time of different networks on TuSimple
ik Accuracy/ % FP/ % FN/% Runtime/ms Multiple
SCNN 96.53 6.17 1. 80 133.5 1. 0x
SAD" 96. 64 6.02 2.05 13.4 10. 0x
Res18-UFSA-LD™ 95. 81 19.05 3.92 3.2 41. 7x
LaneATT 95. 57 3.56 2.92 4.0 33.4x
LkLaneNet"™" 95. 94 2.06 3.28 7.9 16. 96x
Laneformer™ " 96. 85 2.01 2.03 20 6. 8x
DAMLaP-Net™" 96. 46 4.76 5.75 12.7 10. 5%
LSCoMer"™* 96. 68 2.76 3.20 5.6 24. 0x
LaneNet 96. 38 7. 80 2.44 19.0 7.0x
EL-GAN 96. 39 4.12 3. 36 =100 <1. 3x
Res18-UFSA-LD(A 30) 96. 03 18. 69 3.58 7.3 18. 69x

T T8 SCES R LLAS SO BZE R O
x5

A E M & 7E CULane ik 45 R #0517 B &) 3T L

Table S Comparison of test results and running time of different networks on CULane

By Res50-seg Res34-SAD SAD SCNN FD-50 Res18-UFSA-LD  Resl18-UFSA-LD(A )
EH 87.4 89.9 90.1 90. 6 85.9 87.7 89.1
P 64.1 68.5 68. 8 69.7 63. 6 66. 0 69. 6
"G 60. 6 64. 6 66. 6 66.1 57.8 62.1 65.3
TEIEL 38.1 42.2 41.6 43.4 40. 6 40. 2 38.4
5% 60. 7 67.7 65. 9 66. 9 59.9 62. 8 68.9
i 3k 79.0 83. 8 84.0 84.1 79. 4 81.0 84.4
%ot 54.1 59.9 60. 2 58.5 57.0 58. 4 57.3
LT 59. 8 66.0 65.7 64. 4 65.2 57.9 59.1
X 2 505.0 1 960.0 1998.0 1990.0 7013.0 1743.0 2218.0
Bk 66. 7 70. 7 70. 8 71.6 — 68. 4 70.2
Runtime/ms — 50. 5 13.4 133.5 — 3.1 6.90
Multiple — 2. 6x 10. 0x 1. 0x — 43.0x 40. 6x
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