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Abstract

Lane detection is a crucial task in the field of autonomous driving. However, the current lane de-
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tection methods based on Convolutional Neural Networks (CNN) suffer from slow network infe-
rence speed and poor ability to model the slender lane structure. To overcome these limitations,
this paper proposes a lane detection method based on ResNet-ViT and attention mechanism. Spe-
cifically, the proposed method first constructs a backbone network ResNet for feature extraction,
and incorporates the Vision Transformer (ViT) coding structure into the backbone network to
enhance the network’s ability to model the slender structure of lane lines. Additionally, an aux-
iliary segmentation network is designed, in which a channel attention mechanism module is in-
corporated to enhance the network’s learning ability for important channels. The auxiliary seg-
mentation network and the backbone network share some parameters to achieve weight sharing,
thereby improving the efficiency and generalization ability of the model. Finally, the line anchor
classification concept is introduced in the feature decoding part to predict the position coordi-
nates of the lane lines in the line direction of the feature map and generate the image with lane
mark points. Experimental results on the TuSimple dataset demonstrate that the proposed me-
thod achieves an accuracy of 96.04% and an inference speed of 98 frames per second, verifying its
effectiveness.
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Figure 1. Overall framework of network model
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Figure 2. Processing of feature maps by ViT encoding module
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Figure 3. Structure of channel attention mechanism
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Table 1. Comparison results with other methods on Tusimple dataset

1. 5HAM AT Tusimple HIIEE LR

Fik Acc/(%) FP/(%) FN/(%) FPS/(Mi/F) mloU/(%)
SCNN 96.53 6.17 1.80 7.5 57.37
VGG-LaneNet 94.03 10.2 11.0 1.7 4134
LaneNet 94.42 9.0 9.0 62.5 56.59
PolyLaneNet 93.36 9.42 9.33 115.0 N/A
PointLaneNet 96.34 4.67 5.18 71.0 N/A
UFLD 95.87 19.2 4.0 144 N/A
Ours 96.04 13.8 3.87 98 N/A

R R N/A TR ORI SOZ IR bR

I T R R, 1531 96.04%H1 3.87%ME5 R, HiRfs 5 S, &2 T 13.8%. HEZ T, SCNN
TIERBAGT A 7R S AT, P DLE R R AR 207 R B 0, 353 T 6.17%F1 1.80% 45 %, (2
HEHH R, WA 7.5 Wi/FP. PointLaneNet 5751 DL B 15 B EE 28 S A4 R, B IN324 Tusimple %1
PEAERRRAL T 3, PRI A SO AR HER R EIg 22T PointLaneNet. oAt J7vEHIR IS M & Bk, 0
UFLD J5iE A a5 my, (HHERLR R, B30T 144 MiyFP. SISk, ARSI 7 ELER RS FE Ak
FE T3 T I T BB L5 A3
3.4.2. JHRAEIE

NIGUEA ST 7 A FIBEER A 20:, AR/NTE X S AT R, DL UFLD NERBAEAY, sRas
BB A FE DL N E Tusimple 24 LT 0 Hhsss, HEERWTFE 2 .

Table 2. Quantitative results of the proposed module

2. FTRERHEELER

LRI R BiIBEREN=WALiINill ViT Zmi ik Acc/(%) ToU/(%) FPS/(i/45)
J 95.87 89.00 144
J J 95.90 94.00 144
v J 96.02 87.50 99
J J v 96.04 93.80 98

EE: ToU fRFRZEHB 2 HIM 2% 2 5 I 2k 122 EL o
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FERE LM FIEL My, MR SRR . T VIT i Bibk ] DU GF il fe 2 TE L 2 A AR &R
e LTI BB b w] DLk — 5 5 i M HER 2, ST T 96.02% IAER A . AEFE AL b [F) s i
B IHUEIAN VIT i, AT CLAE ARk B e A PR BER L, #ER AN ToU 235015 21 96.04%41 93.80%
BEKRE, BEERRh IR IR G BRI 2, HETR R RIS R LB S s, (ETER M T .
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Figure 5. Comparison of visualization results between the proposed method
and the UFLD method. (a) UFLD results; (b) Results of our method
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Figure 6. This paper method produces visual results on the Tusimple dataset
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