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Lane line detection method based on Transformer and XCA attention

Li Rui Ao Yinhui Chen Xinsheng Li Guishen
(School of Mechanical and Electrical Engineering, Guangdong University of Technology, Guangzhou 510000, China)

Abstract: Aiming at the problems of insufficient local detail capture ability and high computational complexity of the
LSTR algorithm in complex road scenarios, this paper proposes a dynamic multi-path covariance Transformer detection
model DMCTR. Firstly. a feature boosting and suppression module is constructed. Through feature enhancement and
suppression operations, the problem of missed detection of weak features such as curved lanes and dashed line segments
in traditional convolution is alleviated. Secondly. construct a dynamic enhancement dual-path aggregation block, utilize
deformable convolution to adapt to lane geometric deformation, and combine the dual-attention mechanism to enhance
local geometric features. Finally, the cross-covariance attention is introduced into the Transformer architecture to
replace the multi-head self-attention in the Transformer encoder. The experimental results show that on the TuSimple
dataset, the accuracy rate of the method proposed reaches 96. 74% , which is 0. 56 % higher than that of the baseline
LSTR model. In the complex scenarios of the CULane dataset, the F1 has increased by 4.48%, and the detection
accuracy in special scenarios such as blurred lane lines and strong light at night has been significantly improved. This
enables the model to maintain real-time performance (353 fps) while effectively solving the feature modeling bottleneck
of traditional methods in complex scenarios.

Keywords: lane line detection; LSTR algorithm; Transformer;cross-covariance attention mechanism
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Table 3 Comparison of different methods on the
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3.3 HRhsIE

o B WE DMCTR 4% BB 09 & 2 M. A& 9 &+
TUSimple(fa 88375 Fl CULane (5 2437 5) BB 4E . % %%
BEH AT LB M . R 4 TR, DL R LSTR AR R
FL IS B AT HERE 4 . BRI A DEDA B3R
5 TR AR A B4R TF 2 96. 45 % 1 67. 06 % . 3F ] T %M
il if DCN Al DA-block 5 %03 58 T 4238 28 T2 A8 1 i1 51
REST. Hph5] A FBSM Bl CULane 19 F1 350 %52
FHZE 67.52% B0 iE 1 H A AE 30 ) ML) 7E 42 98 55 45 4E 5 1
B ke, T B ] XCA B 7Eds F1 A 5R T =
66. 34 % B[R, HEP 3 BE 35 3] 453 fps AR 2 I8 N
0. 365, RBL T Hoe £ e B 19 ) B 3 FH - B RR B 3

Jrik Acc/J§ FP/J FN/J FPS/fps B AL A 92 80— 2 8% T L R A R, DEDA-
LaneATTi” 95.57  3.76  3.10 171 Block 5 FBSM [ 41 & 4 K5 780 M & $2 T+ % 96. 69% Fil
UFLD V2 96.22  3.18 437  — 68.43% s XCA 15 FBSM (1945 £ f 15 L 75 (R 15 386 fps

PolyLaneNet™” 93. 36 2.91 3. 38 115 (07 W BE 0 R B F1 4y 508 & 68.95% ffi DEDA-
ADNet™ 96.25 9L 820 Block 15 XCA 21 2 I 5 ¥ e SACR IR T R 46
GANetL™ 96,40 261 247 63 St 2 DA AT AL 4 ¥4 O B0 TR B B 0 2
ENet-SAD " 96.64  6.02  2.05 75 .
LSTR™ 96.18 291 3.38 420 B2, 524 DMCTR #2878 TuSimple Al CULane %¢
LSCoMer " 96.68  2.76  3.20 180 SRS T4 BIK T 06, 74% 1 69. 67 %4 i I 75 Y B L [ RS0
LSTR 2 it 5 it 96. 31 2.76 3.22 420 FHE S Z B 0. 541 3 I BE AR R E 353 [ps. BiiE T 4 4
DMCTR 96. 74 2.71 2.93 353 AR TR G R K MIAT 5 | 0 ok .
T4 HRIBLER
Table 4 Results of ablation study
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Fig. 7 Comparison of image detection effects in various scenarios
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