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Nighttime Lane Detection Method Based on Dual-branch Decomposed Convolution

ZHANG Xu, LIN Yu’e, WANG Hui, LIANG Xingzhu

School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan 232001, Anhui,
China

Abstract: Objective Lane line detection, as one of the core functions of autonomous driving systems, is crucial for
ensuring the safe driving of vehicles. However, current segmentation-based detection methods show a significant imbalance
between speed and performance, which is particularly prominent in nighttime scenarios. To address this challenge, this
paper proposes a nighttime lane line detection model called DecoLaneNet. Methods First, an efficient feature extraction
module was designed. In this module, a dual-branch decomposed convolution residual structure with different-sized
receptive fields was constructed using decomposed convolutions, which significantly reduced the number of model
parameters while ensuring performance as much as possible and more accurately exiracted lane line features. Then,
channel rearrangement technology and dilated convolutions were used to make up for performance losses and increase the
receptive field. Finally, a dual-branch upsampling module was introduced for feature decoding, which significantly

improved the model” s segmentation accuracy. Results Extensive evaluations were conducted on the nighttime scenario
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dataset Night and the lane detection dataset CULane containing various traffic scenarios. The F, score of DecolaneNet
reached 74. 7% on the Night dataset and 71.5% on the CULane dataset. Remarkably, despite having only 1.94 M
parameters, the model maintained a speed of 62. 5 FPS on the Jetson development board. Conclusion The experimental

results show that Decol.aneNet not only performs excellently in nighttime scenarios but also shows good performance in

dealing with other complex scenarios. Moreover, when the model is deployed on embedded devices, its performance and

efficiency are still better than those of other models, showing excellent potential and feasibility.
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Table 2 Performance comparison between DecoLaneNet and other models on the Night dataset

Method Source F,~measure/ % 10U/ % Precision/% Recall/% Params/M
SCNN!' AAAT 2018 71.72 58. 28 68. 19 75. 69 19.78
ESPNetV2!'" CVPR 2019 64.97 51.29 63. 89 66. 19 1.19
R18-Ultra! ECCV 2020 72. 46 — 72. 44 72.48 42.46
sTDC2M CVPR 2021 68. 09 54.27 63. 02 74. 14 15.33
R18-RESA!" AAAI 2021 69.2 55.6 65. 44 73.51 13.2
ESA-official "’ WACV 2022 73.96 60. 92 75.05 72.95 13. 57
DDRNet39!* TITS 2022 67.21 53.51 64. 66 70. 08 29. 14
LETNet' " TITS2023 71. 07 57.78 66. 32 76. 74 0.91
MLP-Net!* TVT 2023 72. 44 59. 47 68. 38 72. 44 3.35
Ours — 74.7 62. 24 70. 88 79. 09 1.94
% 3 DecoLaneNet 5H A7 CULane ##55% FAIEEEXSEE
Table 3 Performance comparison between DecoLaneNet and other models on the CULane dataset
Category Ours RSCM! AMSC R18-Ulwa'™  RI8-E2E™*!  MLP-Net'?! R18-SAD
Normal/ % 90. 6 85.2 86. 8 87.7 90. 0 89. 6 89. 8
Crowded/ % 70.3 63.8 64.5 66. 0 69.7 67.1 68.1
Night/ % 65.2 58.3 59.8 62.1 63.3 61.9 64.2
No line/% 44.0 43.9 38.4 40.2 43.2 41.8 4.5
Shadow/ % 63.2 57.1 60. 0 62.8 62.5 60. 3 67.5
Arrow/ % 85.6 77.8 77.4 81.0 83.2 83.0 83.9
Dazzle/ % 61.9 56. 6 55.7 58.4 60. 2 59.9 59.8
Curve/% 64. 1 57.0 63. 4 57.9 70.3 61. 4 65.5
Crossroad/% 2 640 2 107 2358 1743 2296 2071 1995
Total/ % 71.5 66. 8 66. 6 68. 4 70. 8 69. 5 70.5
FLOPs/G 9.34 23.6 — 8.4 — 7.22 —
Params/M 1.94 3.21 20.7 42.46 — 3.17 12. 41
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Table 4 Performance comparison of each module
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Table 5 FPS comparison after model deployment

Method FPS (ONNX) FPS (TensorRT)  Params/M
SCNN 0.72 26. 31 19.78
RESA 1.01 40. 00 13.2

ESPNetV2 3.35 47. 61 1. 19
Ours 4.30 62.50 1.94

o

Input RESA SCNN ESPNetVZ Ours
Ee6 HEMEBFKNERTIMM

Fig. 6 Visualization of detection results after model deployment
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