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Lane Detection Method Based on Lightweight YOLO Network and
Attention Mechanism

DONG Le, LUO Jia’, YANG Shuanglong
(School of Energy and Power Engineering, North University of China, Taiyuan 030051, China)
Abstract: Aiming at the current issues in lane detection algorithms based on deep learning, such as insufficient
real-time performance, limited global feature modeling capability, and the fact that most related studies remain
at the simulation validation stage with a lack of deployment verification for practical embedded systems, this
paper proposed a lane detection method based on a lightweight YOLO network and an attention mechanism,
and completed the deployment and verification from algorithm design to a real-vehicle system. First, a
lightweight Faster-Net was introduced as the backbone network, combined with partial convolution (PConv)
modules for structural redesign, which significantly reduced computational complexity while maintaining feature

extraction capability. Second, a self-attention mechanism was embedded after the SPPF module of the feature
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fusion network to enhance the model’s modeling ability for the global structure of lane lines and long-range
spatial dependencies, while suppressing interference from complex backgrounds. The results show that the
proposed method achieves a precision of 96.83% on the CULane dataset with a single-frame inference time
of 11.0 ms, and an accuracy of 96.33% on the TuSimple dataset with a frame rate of 90.9 FPS, outper-
forming current mainstream algorithms. Finally, the optimized model was deployed on the Jetson Orin NX
embedded platform, and functional verification was carried out in a real-vehicle sandbox environment. The
results demonstrate that the system exhibits good stability and real-time performance in real-world scenarios.
This work not only improves the theoretical performance of lane detection algorithms, but also transitions the
technology from dataset validation to practical in-vehicle system implementation, providing a complete and
feasible technical pathway for the engineering application of autonomous driving perception technology.

Key words: deep learning; autonomous driving; lane detection; self-attention mechanism; Faster-Net;

real-vehicle deployment
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Fig. 1 Flowchart of the lane line detection algorithm based on deep learning
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Fig. 2 Flowchart of the lane line detection algorithm based on the improved YOLO network
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Tab.2 Quantitative analysis of experimental results on the CULane

3 TuSimple BUHLE M E ST 50 25 5

Tab. 3 Quantitative analysis experimental results of the TuSimple

W re:  Ace/% FP/% FN/% Wiz /(i-s )
AR 96.33 6.07 1.90 90.90
YOLOV5 84.17 7.45 1.99 52.50
LaneNet 95.38 7.80 2.44 52.60
SCNN 90.13 6.17 1.80 7.50
LSTR 94.18 7.60 4.50 48.07
FOLOLane  91.70 3.11 4.09 40.00

dataset

LioRIWIRES F1/% t/ms
AR SCAF Y 96.83 11.0
JE YOLOV5 86.37 18.9
LaneNet 96.08 19.0
SCNN 90.53 133.5
LSTR 96.18 20.8
FOLOLane 92.72 25.0
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Tab.4  Ablation experiment results on the CULane dataset

[ 2% A 7 F1/% t/ms
YOLOV5 87.30 18.7
TR LS 93.25 23.3
T Faster-Net % 2% 89.84 9.5
AR 96.83 11.0

5 TuSimple £ 4 1 Ml S ROR

Tab.5 Ablation experiment results on the TuSimple dataset

[ £ A5 Ace/% FP/%  FN/% WiZ/(i-s )
YOLOV5 84.17 7.45 1.99 52.50
T E LS 96.13 6.17 2.10 47.50
H i Faster-Net (2% 95.38 7.10 2.14 104.60
AR SCAGE TR 96.33 6.07 1.90 90.90
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Tab.6 Ablation experiment results of the self-attention mecha-

nism on CULane dataset

SRS =Wl INil [ S A CRREES F1/% t/ms
Backbone CSPDarknet53 93.25 25.6
Prediction CSPDarknet53 93.81 22.1

Neck(Concat J7 ) CSPDarknet53 94.11 20.3
Neck(SPPF J7) CSPDarknet53 95.83 21.0
Backbone Faster-Net 92.75 15.3
Prediction Faster-Net 93.12 13.7
Neck(Concat 7 ) Faster-Net 94.71 12.3
Neck(SPPF Ji5) Faster-Net 96.83 11.0

# 6 FR 7B RAE T AER LA
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Tab.7 Ablation experiment results of the self-attention mechanism on the TuSimple dataset

EREN-WAL NI S A ERECES Acc/ % FP/% FN/% /(s 1)
Backbone CSPDarknet53 93.33 6.07 1.90 39.01
Prediction CSPDarknet53 94.17 7.05 1.79 45.24

Neck(Concat J5 ) CSPDarknet53 95.18 7.10 2.14 49.26
Neck(SPPF J&) CSPDarknet53 95.33 6.17 1.90 62.90
Backbone Faster-Net 91.17 6.80 2.40 65.35
Prediction Faster-Net 92.33 6.17 1.80 72.90
Neck(Concat J7 ) Faster-Net 95.33 6.27 2.01 85.90
Neck(SPPF J5) Faster-Net 96.33 6.17 1.90 90.90
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Fig. 11  Thermal map visualization results
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Fig. 12 Deployment platform-RTRC 4Pro smart car
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