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Axial attention-guided anchor
classification lane detection

Luo Xin, Huang Yingping’, Liang Zhenming

School of Opto-Electronic and Computer Engineering, University of Shanghai for Science and Technology, Shanghai
200093, China

Abstract: Lane detection is a challenging task due to the diversity of lane lines and the complexity of traffic scenes.
The detection results of the existing detection methods are not ideal when the vehicle is driving in congestion, at
night, and the lane lines are not clear or blocked on the road such as curves. Based on the framework of detection
methods, a method that axial attention-guided anchor classification lane detection is proposed to solve two
problems. The first is the problem of missing visual cues when lane lines are unclear or missing. The second
problem is the lack of feature information caused by using sparse coordinates on mixed anchors, which leads to a
decline of detection accuracy. Therefore, an axial attention layer is added to the backbone network to focus on
prominent features of the row and column directions to improve the accuracy. Extensive experiments are conducted
on the TuSimple and CULane datasets. Experimental results show that the proposed method is robust under
various conditions while showing comprehensive advantages in terms of detection accuracy and speed compared
with existing advanced methods.

Keywords: lane detection; anchor classification; axial attention; autonomous driving
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%ﬁ&%ﬁr%ﬂa 133235 sk EHR AL, HA a4 JURPAS [F] Y
T, RS PR 1640x590, Bt insE 2, &
UﬂUX’ﬁEEjto
4.1.2 SEKE
FEXPARI AR, o T HEG R, B
DATEXT UG A T TAL BRE S R0 B R AR, AN [FEL
PEMSHOR BN 2 FiR.
XFF TuSimple $(88 45, XJ 726 7 42 18 Al A7 i 22308
AT H 5 PR R BOGER IX B0 4 56 17,
—FTALE 100 AFATTAK X ZE I A4 A I 4 A5
Bl Ay B R EUZ B OSER X S 4 53 40 17, BT
7% 100 0K . X CULane 65, XtA2wT4:
TE A I 42 T AT Sl 20 SR R R 3 18 47,
— AT E 200 A HLITHE, X AE O ZE T R AL T A58
By ISR BUR R 40k 40 17, H—1T427% 100 4~
JCkE . BE—AT R E’Ji)ﬁ%i‘ﬁtiﬂﬂ T RS
R

4.1.3 THETEYS

PO AN B HE 4R 0B O PEAR R AR R R IR, X T
TuSimple £l 4, PEALTEPR/Z Ace. FP Al FN, Acc
R Ay

Acc= —4/——, (1)
ZlclipsClip
Hrr, Cyp s — Wi IE 8 TN 19 4= 18 3 i 8, T
Seip 72— ELE S BB, FP AT EN 4353 ki P
BB, HatE AT .

F e

Fp=-24, 2)
Npred
M red

FN =2, 3
v 3

Hr, Feg WA GEEL, N,ypeo R T0AY 42 58
B, M SRR B ERR, N, WA L
o R BB ER RN T 0.8 BB A E X
TR AE IR 4T
XFTF CULane #4845, 1AL 4EA5 2 F1, FRATX
Tusimple £ ¥a £ WA T F1 PEAGFgdn . 114
=k (4):
Fl= 2 X Pprecision X Rrccan ’ )
Precision + Riecan

TP TP

/ﬁ\: ) Precision Bl e—) Rreca = 5 oA
Py TP+FP ""TP+FN

4.1.4 FESVGSE
EYETE 24 GB BAEH NVIDIA 3090 GPU 523 .
PER SN Ubuntu 18.04, JF&F-H K PyCharm2021,

FE I X 2
Table 1 Datasets description
FYEITES SEE IS Lianie S e S Vig = KSR 785 Y5
TuSimple 6408 3268 358 2782 1280x720 <5 1 [BLUNS
CULane 133235 88880 9675 34680 1640x590 <4 9 I X A B
A2 TR#EFEELNOSHKE
Table 2 Hyperparameter settings on different datasets.
LACIES TuSimple CULane
Tkt 56 18
1l ey 40 40
B —ATEATTAR B (17l ) 100 200
B FATTAR Bk (91 Bl ) 100 100
TR S S TR L Bt 2 2
B 3 S AR L B 2 2
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i ] PyTorch ¥ £ 2 HESE . Xf T TuSimple 4 5
FRAVE LR~ > 2 0.05 (9 SGD ik g, W ER
W 0.0001, EARKECH 100, % 20 KA (H
565 0 A 00 XA TR )1 e A SR O AR TR AR S R
CULane 4 4 1 F JL Atk 2% > %2 0.05 19 SGD {1k
%, R EECE R 0.0001, HICRECH 50, ARk
FRJ5 (B AR TR 2R R R 8 ARS8
B2 TuSimple J&54. GPU, i CULane /2 8GPU,
WX CULane 44 4E HEAT 5 GPU W%k, 2% R
BRI SR S R\ — .

4.2 HRASEIE

T WIS AR B LT, BRA 1T
VUL I RS, e AT R, AT S R AT 4G
A, AEATREASEAL_E AR IR, LR AT
-SRI LIRSS & o A BN 2R po A iy
TEPIEEAE P I, 138058 3 RIS RS

A3 HRERLER
Table 3 Ablation results

T#i S WhiES) KSE/TuSimple  H§/¥/CULane
\ 95.55 64.72
\ V 95.89 71.34
J J 95.91 65.61
V y V 95.92 73.05

M 3 AT AR, — a7 A g e 5
P E LIRS AR 2 B /KBy, 7€ TuSimple [R5 H
95.55, CULane £t %E [ RA5 64.72, BAM0ERINZ 4

P DA E T .62, HAMSMAITEENIZE,
TuSimple ¥4 PR S T 0.36, CULane £#i4E
ORERESR T 0.89, TBEER A A SR I = 2
Ja . PIABAE A HOR B R B T e, TuSimple £8
% FRSREARES T 037, CULane $C3R4E R T
8.33, XL FLF U 42 2R (IR A A E A T ARG U
SEARA AL, AHE T — DT RS IN , YR G R SR U
A DA AR, [ S sl e B 0 AL S
AT DA R B R ARG K

4.3 MEITER S M A R

TEPAEEEE BRI Ztr s, AT T T
WIPAL I 5 HAD T AE LL# . X T TuSimple £l 48,
ff JHT SCNN" . SAD". LaneNet”., DALaneNet",
BezierLaneNet'”', E2E"”. LaneATT"". UFLD"",
UFLDV2" JURP T AT . SEBG AL T F1. Acc,
FP. FN PUSHEHR, 14 4 Fizs.

H1 T TuSimple £ A 766 IR A1 R A7 5540 T R
R EAGEGFITAE S, HETN 4B LA AR %
AR AR RE SRS R BE AN, BT LA AN T i
PEAGZE RAN2ZE AR K. XFEE F13EFR, Bk Ui T4
W) T LB TR T o8I ik, ASCrikiks T
96.64%, .43 # 7 H i SCNN R SAD™ 43 Bl 4
T+ 0.67% F1 0.72%. Xt Lt Acc ¥Ehr, AR 3CH ik E
T 95.92%, FEITF4rH#I09 )7 b 2 DALaneNet™
51 0.06%, FERGINIT 435 e LaneATT! Y, UFLD!"”
Tk BT 035 %, W T S 80l 2 U vk
BezierLaneNet'” 2 F} 0.27%. FP 1 FN 21§ FH 1 A
BB, Febn LR RO A . XTLE FP bR, A&

Jii, TuSimple ¥4 % DR EEHE R T 034, CULane 0 SCHIETEFE TR Jr ik ek, Hoar 3005 ik vp i ik
& 4 £ TuSimple #48 %& £ 5 b 75 ik a9 tbax
Table 4 Comparison with other methods on the TuSimple dataset
Ik F1/% Acc/% FP/% FN/%
SCNN? 95.97 96.53 6.17 1.80
) ] SAD™ 95.92 96.64 6.02 2.05
FEF oy EN "
LaneNet N/A 96.40 7.80 2.44
DALaneNet N/A 95.86 8.20 3.16
STSHuth BezierLaneNet (ResNet34)" N/A 95.65 5.10 3.90
E2E (ResNet34)"! N/A 96.22 3.21 4.28
) LaneATT (ResNet18)"! 96.71 95.57 3.56 3.01
FETRGI f4 r s "
UFLD (ResNet34)"" N/A 95.55 19.35 4.30
UFLDv2 (ResNet18)"? 96.11 95.92 3.16 4.59
Ours (ResNet34) 96.64 95.92 2.41 4.29

S
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) SAD" B FAK 3.61%, 3T SRk i ik 2
1% 2.69%, TEFTAEZ5IEM Ik, AR AT
XFEE PN 845, A SOk BAR AT 56T 43 B0 ik
TSR B ROR A, (BRI S5 TR
TR Bk, AR SOTETEZ R E L
BRI AT T 5 BRI A Y PR RE
X}F CULane % ¥ 4, fdi il SCNN¥'| SAD |
CLRNet"", BezierLaneNet'”., E2E"”. LaneATT!".
UFLD"! I UFLDv2"? )\ P b A7 b . B x4
PRER FE LY F1 VAN TR A FPS iE47 03, 4550
725 FiR e HiLAN R4S J7i4E CULane 20484 19 JLFD
ENGIE75 i ol S ol &t | S DI Wi 37775 - R )
fH, B)F1I5kR, fa—2F0h FPS #8kr. A ILTE
CULane B4ln4E I 0P 4R AR F1 353 1 76.0%, FPS
IRENT 171 Wi AH T2 E 0 ik, A7 Fl
FebrE SCNNY J5 ik 4.4%, b SAD™ J7 ik i
52%, [AIE} FPS Bt & T LA LA 3 #1 J5ik . ASC
B SETSHME T ML, FLigtRmE i 2.3%.
16K T K I A 5 b FL4E bR A JE AT S, AL B
CLRnet"" 771K 0.9%, I LaneATT (ResNet34)" " {i%
0.7%, [FII FPS $8brt il LS B 47 36 2% 1) 52 s 4G
W, BARBURI S, AR SO RAE LR St s D
PEREIN B T 8 By K i, A I HE CLRNet
(ResNet34)"" Fil LaneATT (ResNet34)!'" 7 40 i 22 HE .

PAES SRR, ASSCT7 A B A SR TGN 197715 1
PR, CIRE TS ET IR T EA SRR, TR
BFPRAE THEREA —E M E R

4.4 HEBZSTAULERS

(5] 8 S SOOT AL s 46 rh A7 5T IS
MEER . BABARER R AT, TR AT
J& CULane ¥4 4 i B4, 5% =47 FSE D047 /2
TuSimple 4 I EIHZ

e 8, SH—ATRMR EE R TEHIE LT
MG ELAGIACR o °T LU BRI R 5 rh 4l 2k
FECERE RS A NS 0, il GRS
17T EEROR TR AE O T I AR RCR . K
WAFAE AT LA AP B DL, TR TR e e
AR ILAFAE BB IE L, Qi 21 s [
P 58 =AT RIS DUAT RN T RS B i AR 2k
AIRTINASCR . aniEl b G BRIHE s, RiEZ e IE
B3 () R A AN T TR BB R O T 0 o XT3k 26 i Y
Y5 PR R TE LN R R A RSO, 8 X H
ARSI AT, T AR AR SO A0 ik |
WA TEAE O T A TR ARSI T RAFAAaIN,
HIR R GG IEAE R I A TR 4, TR 1A
SCTTVENT LA R fifp e 21 2054 5 B e 4 3 2R AN T A o
JRIIE B 1 AR R IR 2 B [R)

Table 5 Comparison of F1 on CULane dataset

45 CULane MiX% F1 #yrbix

ViReS Normal Crowd Dazzle Shadow No-line Arrow Curve Cross Night Average FPS
BTy Bk
SCNNY 90.6 69.7 58.5 66.9 43.4 84.1 64.4 1990  66.1 716 8
SAD" 90.1 68.8 60.2 65.9 416 84.0 657 1998  66.0 70.8 75
BT SHMLn ik
BezierLaneNet (ResNet18)"?  90.2 71.6 62.5 70.9 453 84.1 59.0 996 687 73.7 N/A
BT 1Y ik
E2E (ResNet34)" 90.4 69.9 61.5 68.1 45.0 83.7  69.8 2077 632 715 N/A
CLRNet (ResNet34)""? 93.3 78.3 73.7 79.7 53.1 90.3 71.6 1321 751 76.9 103
LaneATT (ResNet18)" 91.1 73.0 65.7 70.9 484 85.5 68.4 1170  69.0 75.1 250
LaneATT (ResNet34)" 92.1 75.0 66.5 78.2 49.4 884 677 1330 707 76.7 171
UFLD (ResNet18)""! 89.3 68.0 62.2 63.0 40.7 835 582 1743 629 69.7 323
UFLD (ResNet34)"" 89.5 68.7 57.2 69.2 417 847 593 2037 654 70.9 175
UFLDv2 (ResNet18)"” 92.0 74.0 63.2 72.4 45.0 87.7  69.0 1998  69.8 75.0 330
Ours (ResNet34) 92.6 74.9 65.6 75.5 49.0 882  69.8 1864 709 76.0 171

TE: NIAFTR ARG OB $E SN 4
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B 8 CULane #= TuSimple 4% % 44 T #L1L
Fig. 8 Visualization of the CULane and TuSimple dataset

5 B &

AR T — Pl B 015 R R R R LR
Ry 2. 1o, FEEMG A FA TR A g B sk B R
G A 5380 7 T DA 3 5K J sz B AR B B 4 )y
FE, MRS R [R) E,  [F] I 2R A
RE_LUb TR, T TR E . 5EF0#
T, AR 2 T — R (RS TR AN
B R Y e o LB = 2 R R Nt 137 (=9 S N T D
TR LAREEAT I RIS [0] 9 S R, DT 56 A
TR 7 A A R IURS BERAR B [, AR SO B
AR 0K BE R RSP Y RS, 7E TuSimple I
CULane (#8413 T RAFMRCR, [RIES HAb 7
B, FATNIERAGA NS SR, Eh—Fh
BT AL R A ARSI 7 i ME LAAE SN 2R Y RS 3 5
o (R R T L 5 YL i) SR kS BE ARG , = eIt
A LA ARG RS (oL F AR A ) . 5l
A8 S B eI R 45 T ok e iUE R 52 4%
s NIRRT IS5 -

AY v

S H

[11 The tusimple lane challenge[EB/OL]. (2018-10-20). https:/
github.com/TuSimple/tusimple-benchmark/issues/3.

[21 Pan X G, ShiJ P, Luo P, et al. Spatial as deep: spatial CNN
for traffic scene understanding[C)//Proceedings of the Thirty-
Second AAAI Conference on Artificial Intelligence, 2018: 891.

[31 Huang Y P, Li Y W, Hu X, et al. Lane detection based on
inverse perspective transformation and Kalman filter[J]. KS//
Trans Internet Inf Syst, 2018, 12(2): 643-661.

[4] Laskar Z, Kannala J. aware query image
representation for particular object retrieval[C]//Proceedings of

Context

(3]

[6]

[71

(8]

9]

[10]

(1]

[12]

[13]

230079-11

the 20th Scandinavian Conference on Image Analysis, 2017:
88-99. https://doi.org/10.1007/978-3-319-59129-2_8.

Zhao H S, Zhang Y, Liu S, et al. PSANet: point-wise spatial
attention network for scene parsing[Cl//Proceedings of the
15th European Conference on Computer Vision, 2018:
270-286. https://doi.org/10.1007/978-3-030-01240-3_17.

Hou Y N, Ma Z, Liu C X, et al. Learning lightweight lane
detection CNNs by self attention distillation[C]//2019
IEEE/CVF International Conference on Computer Vision
(ICCV), 2019: 1013-1021. https://doi.org/10.1109/ICCV.2019.
00110.

Neven D, De Brabandere B, Georgoulis S, et al. Towards end-
to-end lane detection: an instance segmentation approach[C]/
2018 IEEE Intelligent Vehicles Symposium, 2018: 286-291.
https://doi.org/10.1109/IVS.2018.8500547.

Guo Z Y, Huang Y P, Wei H J, et al. DALaneNet: a dual
attention instance segmentation network for real-time lane
detection[J]. IEEE Sensors J, 2021, 21(19): 21730-21739.
Zhang C, Huang Y P, Guo Z Y, et al. Real-time lane detection
method based on semantic segmentation[J]. Opto-Electron
Eng, 2022, 49(5): 210378.

Kk, BT, SRARRH, A ST SO E R S AR T LA T ik
[J]. Y T A2, 2022, 49(5): 210378.

Yoo S, Lee H S, Myeong H, et al. End-to-end lane marker
detection via row-wise classification[C]//2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
Workshops (CVPRW), 2020: 4335-4343.

Qin Z Q, Wang H Y, Li X. Ultra fast structure-aware deep lane
detection[C])//Proceedings of the 16th European Conference
on Computer Vision, 2020: 276-291. https://doi.org/10.1007/
978-3-030-58586-0_17.

Qin Z Q, Zhang P Y, Li X. Ultra fast deep lane detection with
hybrid anchor driven ordinal classification[J]. /IEEE Trans
Pattern Anal Mach Intell, 2022. https://doi.org/10.1109/TPAMI.
2022.3182097.

Zheng T, Huang Y F, Liu Y, et al. CLRNet: cross layer
refinement network for lane detection[C]/2022 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), 2022: 888-897. https://doi.org/10.1109/CVPR52688.
2022.00097.


https://github.com/TuSimple/tusimple-benchmark/issues/3
https://github.com/TuSimple/tusimple-benchmark/issues/3
https://doi.org/10.3837/tiis.2018.02.006
https://doi.org/10.3837/tiis.2018.02.006
https://doi.org/10.1007/978-3-319-59129-2_8
https://doi.org/10.1007/978-3-030-01240-3_17
https://doi.org/10.1109/ICCV.2019.00110
https://doi.org/10.1109/ICCV.2019.00110
https://doi.org/10.1109/IVS.2018.8500547
https://doi.org/10.1109/JSEN.2021.3100489
https://doi.org/10.12086/oee.2022.210378
https://doi.org/10.12086/oee.2022.210378
https://doi.org/10.12086/oee.2022.210378
https://doi.org/10.1007/978-3-030-58586-0_17
https://doi.org/10.1007/978-3-030-58586-0_17
https://doi.org/10.1109/TPAMI.2022.3182097
https://doi.org/10.1109/TPAMI.2022.3182097
https://doi.org/10.1109/CVPR52688.2022.00097
https://doi.org/10.1109/CVPR52688.2022.00097

B 3%, S B T, 2023, 50(7): 230079

https://doi.org/10.12086/0ee.2023.230079

[14]

[19]

[16]

[17]

[18]

Tabelini L, Berriel R, Paixdo T M, et al. Keep your eyes on the
lane: real-time attention-guided lane detection[C]. 2021
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), 2021: 294-302. https://doi.org/10.1109/
CVPR46437.2021.00036.

Feng Z Y, Guo S H, Tan X, et al. Rethinking efficient lane
detection via curve modeling[C]//2022 IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), 2022:
17041-17049.
https://doi.org/10.1109/CVPR52688.2022.01655.
Felguera-Martin D, Gonzalez-Partida J T, Almorox-Gonzalez P,
et al. Vehicular traffic surveillance and road lane detection
using radar interferometry[J]. IEEE Trans Veh Technol, 2012,
61(3): 959-970.

Wang F, Jiang M Q, Qian C, et al. Residual attention network
for image classification[C]//2017 IEEE Conference on
Computer Vision and Pattern Recognition, 2017: 6450-6458.
https://doi.org/10.1109/CVPR.2017.683.

Hu J, Shen L, Sun G. Squeeze-and-excitation networks[C]/
2018 IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2018: 7132—7141. https://doi.org/10.1109/CVPR.
2018.00745.

fEE &N

B (1998-), B, WiLotsE, FEAFIHR
HUARLTERIBTF -
E-mail: 1x15195975156@]163.com

[19]

[20]

[21]

[22]

(23]

|

= |

230079-12

~ -

(own)
":"\_‘
\ A

Woo S, Park J, Lee J Y, et al. CBAM: convolutional block
attention module[C]//Proceedings of the 15th European
Conference on Computer Vision, 2018: 3—19. https://doi.org/10.
1007/978-3-030-01234-2_1.

Fu J, Liu J, Tian H J, et al. Dual attention network for scene
segmentation[C]//2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2019: 3141-3149. https://doi.
org/10.1109/CVPR.2019.00326.

He KM, Zhang X Y, Ren S Q, et al. Deep residual learning for
image recognition[C]//2016 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), 2016: 770-778. https://
doi.org/10.1109/CVPR.2016.90.

Wang H Y, Zhu Y K, Green B, et al. Axial-deeplab: stand-
alone axial-attention for panoptic = segmentation[C]/
Proceedings of the 16th European Conference on Computer
Vision, 2020: 108-126. https://doi.org/10.1007/978-3-030-
58548-8_7.

Ramachandran P, Parmar N, Vaswani A, et al. Stand-alone self-
attention in vision models[C]/Proceedings of the 33rd
International Conference on Neural Information Processing
Systems, 2019: 7.

CaEfifed | 8587 (1966-), 9, #fz, F%=
MERE R T TR AT o
E-mail: huangyingping@usst.edu.cn

MY, JREPDFE3C


https://doi.org/10.1109/CVPR46437.2021.00036
https://doi.org/10.1109/CVPR46437.2021.00036
https://doi.org/10.1109/CVPR52688.2022.01655
https://doi.org/10.1109/TVT.2012.2186323
https://doi.org/10.1109/CVPR.2017.683
https://doi.org/10.1109/CVPR.2018.00745
https://doi.org/10.1109/CVPR.2018.00745
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1109/CVPR.2019.00326
https://doi.org/10.1109/CVPR.2019.00326
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1007/978-3-030-58548-8_7
https://doi.org/10.1007/978-3-030-58548-8_7

B 3%, S B T, 2023, 50(7): 230079 https://doi.org/10.12086/0ee.2023.230079

Axial attention-guided anchor
classification lane detection

Luo Xin, Huang Yingping’, Liang Zhenming
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Details of the backbone network

Overview: Lane detection is an important function of environment perception for autonomous vehicles. Although lane
detection algorithms have been studied for a long time, existing algorithms still face many challenges in practical
applications, mainly reflected in their unsatisfactory detection results when vehicles travel on roads with unclear or
occluded lane lines such as in congestion, at night, or on curves. In recent years, deep learning-based methods have
attracted more and more attention in lane detection because of their excellent robustness to image noise. These methods
can be roughly divided into three categories: segment-based, detection-based, and parametric curve-based.
Segmentation-based methods can achieve high-precision detection by detecting lane features pixel by pixel but have low
detection efficiency due to high computational cost and time consumption. Detection-based methods usually convert
the lane segments into learnable structural representations such as blocks or points,and then detect these structural
features as lane lines. This method has the advantages of high speed and a strong ability to handle straight lanes, but
their detection accuracy is obviously inferior to the segmentation-based methods. The performance of parametric curve-
based methods lags behind well-designed segmentation-based and detection-based methods because the abstract
polynomial coefficients are difficult for computers to learn. Following the framework of detection-based methods, a
method that axial attention-guided anchor classification lane detection is proposed. The basic idea is to segment the lane
into intermittent point blocks and transform the lane detection problem into the detection of lane anchor points. In the
implementation process, replacing the pixel-by-pixel segmentation with a row anchor and column anchor can not only
improve the lane detection speed but also improve the problem of missing visual cues of lane lines. In terms of network
structure, adding the axial attention mechanism to the feature extraction network can more effectively extract anchor
features and filter out redundant features, thereby improving the accuracy problem of detection-based methods. We
conducted extensive experiments on two datasets, TuSimple and CULane, and the experimental results show that the
proposed method has good robustness under various road conditions, especially in the case of occlusion. Compared
with the existing models, it has comprehensive advantages in detection accuracy and speed. However as a detection
method reliant on a single sensor, it remains challenging to achieve high-accuracy detection in highly complex real-
world scenes, like rainy and polluted roads. Subsequent studies might achieve lane detection in more demanding
environments by fusing multiple sensors together, such as laser radar and vision, and by incorporating prior constraints
on vehicle motion.

Luo X, Huang Y P, Liang Z M. Axial attention-guided anchor classification lane detection[J]. Opto-Electron Eng, 2023,
50(7): 230079; DOI: 10.12086/0ee.2023.230079
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