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3.21 B EREESR

— PR AR FRAE SR IR A AR (B 2 2 R OR A
2, LA /D S AT W T0 A it Bl 2, SR i i = 77 2k
FIRETE N AN R B %, TR BERE T e St R it 205
B A SCH] A B HE R E-MBCONV A5 B ke A %5
TRBEBRAE AT RAF= A WA R SRR RRAE  1f FL i
it E-MBCONYV H i3 850 38 1 7 1 (ECA) ™ HIL I X i
N RRAE ] 45 3 18 F BT 0 B A R, 3 5 ) 4% R AERE T, F
LR A 2 AR o 30 % a7 BT ) LA R 52 e A AR 15 2% 22
[ 8 JR 38 A B T LA 7R L % A5 e B il 5 A5 B v AN 7 22

HEINA AN 7 RS S AL T .

E-MBCONV # He 45 ¥4 4n |5 4 ff 75 , EEMBCONV
B 2 7E#% 3 %: FL(MBCONV) 5 He i JEfilt - %
TN AL Ry R R AL R . E-
MBCONV #8556 Rk H 1X 1 &R 8 f A RRE K38
e PR E AR, R G 353 A I B T 4 B 4 B
A5 R Z 8] Y Jey & 25 [A] AR AR R, 323538 5 ECA ik
e FH 4 JR A5 J3 Sk X e AF 11 453 38 JBT 0 FE AR, B
SR I 1< 1 36 BN 47 AiF e 5 T D5 4y 300 T R BE , DA T S B
B 223 1 . ECABEH S K 46 i (SE ) 38 18 71 2% 1 B

2210001-4



| depthw1se convolutlon

| batch normahzatlon,

| convolution 1x1, 4¢ |

| batch normalization

E—

4

7

!

R s |

f .

i | sigmoid |I |

i ! |
7 |

| I convolution 1D kX1 II i

| . :
|

I | global average pool |I :

T . !

l ....... o et it /\ |

batch nomlahzatlon N I

GELU . {

\ .

FE505 F

22 H9/2023 £ 11 B/ E ¢

k=3

GELU: Gaussian error linear unit

K4 E-MBCONV B8R 25 K
Fig. 4 Schematic diagram of E-MBCONYV module

BUURH L K SE Bl ] A g R 2 o) A E T
BEIE B 807 2 SO B Y — 4k (1D) 48 Bk 2
>3 e 3 JL A 8 TE B A R RREER T 2 80k .
HARE, B el ] 2 /- 2k (GAP) B4 Xt g A
A P R AT 23 R4 R 5 4, 6 TR 45 I R AiE T A 3
IO — 4 45 R AT 4B T JL A8 1 AR ) 2 2], — 4 1
18 RO 5 i AR AR AT 1% 388 T8 8 3 O AT S 1 R RO

kR 3, H5 JE R 2 20 B 3 8 AT AR B S R UG O R AE
Pl AT 32 38 18 A 3, Joe 2 Hh HL AT R RGBT T Y
FEAE R . 5 MBCONV 8 AH b, E-MBCONYV #5 B
AR SR, 6 DU 2 B B 4 5 R AiE 3 0 2%
FR AT L3k 3] 5 MBCONV A5 5AH 24 (1 fig

3.2.2 WAL e fo ih o AL

W5 Ca) BT 7, WU R B 40 45 T 4% 1 %, 20 ) 2

s -~
(a) ()
AMOG FFN e
T FFN FFN
FFN | il | L) t
T LN LN
ES
Lo ] e
— split
MHA
B
g | IN | MHA
g L I | e —
=
5 A -
>
: | LN | MHA g
£ £ LN
A K
Q.‘
l £ I
. g
Input | LN | =2 Concat
embedding =
T ] A
FI5 RUH R ORI RL A A () BUB AL E ; (b) A& 1k
Fig. 5 Dual-pathway module and fusion module. (a) Dual-pathway module; (b) fusion module

2210001-5



% 50% £ 22 #1/2023 £ 11 B/ E#*x

2 3 [ RN 4 B . B O KR EE PR S MHA 2 T —
ANSFEN 2 52 AT /R LNERE . 08 BRI A FfL
4 Transformer A {2l 69 25 44 , 10§ MHA 2 .FFN JZ D
Ke— DL T3 AMOG B8,

TG, A B R Sy A B 00 AR B i R AE TR 4
TN G218 SCRRAE W BRIC R s 280 LN #24E , PR IE
B 53 AT 00— B0 iR AR 7R 8 A A B ik 2 ) 4%
R AN Zr it 8] 122 5 MHA JZ il i A 33 2 L X
B ARCHEAT R SCOR Y SR IAE T £k 4 R R AE AR R
Z 3k LN #4E J5 A1) =8 8 B A% o B9 =5 20 H R ar B g
IE 5 il G2 18 SCRFE 22 18] 14 38 ST 3 77 ok £ O 0k 15
SCRRAE s B0 5 40 FEN 215 2075 A IR 2 2 R fE B iiE
MBRIC . BB R — 4 MHA JZ i FEN 215 B
8 5 1% 48 Transformer 1 [F] , 2220 A =0 (D) F(2) 5
—>MHA E A B8 FE R | 3 5 F B s
TR

2l =MHA[LN(2}), LN(2,), LN(z,,) ]+ 25, (6)
2, o T B OA s 2l 2 B W B — 4
MHA JZ G B 5 sl &% 4 MHA 2 5 1Y
LT

i B 38 % RO OE SRR IO B A B 38 L RN
B ) EAE L = o BRSO SRR A5 R L IF
B2 AE — PP o 09 iR SUARIE , SR AL T — S U A
I B 3B . B S, R R R REAE R AT LN 43
YE &, R il B a0 % b 0 L R0k o SCRRAE 5 3 38
) 1 3 P SR S B AIE A9 A8 S T T IR o 4 R
SUPARE R IR & LN #4E 5 i FEN JZ 858
HEE I ROR &5 B R IE R A 2 AMOG gk,
PREEE Z r i B 8 4 4 R R e . T S B
TR

2l =MHA[LN(2,), LN (20), LN (20.) |+ 2, (7)
Tou=AMOG {FEN[LN(z}) ]+ 2L}, (8)
Az, Ok Bl B B ol R 220 32 E i MHA 2
Jo W s AMOG 2 H 3 W 22 B [ T3 4 s 20, o 38
i o

TESS — B BOW B R He b |y T 4208 28 R 0 PR R AL
PRARAE B R A & 22 v, (15 32 38 1 a0 B bR id 2 18] 59 47
HBAERHIFRBR TR BT S A 0 8, 7E
5B BE sl A —A TR B Al A AL an 15 5 (b) BIr i,
XA E — R ) 2B RN SRR IEIRAT A T B R AE,
DT FE 43 F) FH B 12 18] 14 AR B A i — 25 3R O 2 Ry
SRR . T AR AR E AR A A R AR B B
I Rl A A e b SR H AN S 6] B9 FEN 2 20 51 i s S0 34
il X hric , B Jm B U PRI 2 A AMOG 15 3] iz
2L T A

55— By Bl T OB S B A AR LB R #h FE A
B sh Oy =8, 78 AT S AR R s, BE BT LA o S 3 i F)
A7 B 3E [ 9 28 SO B R AN T T S0 SRR TR 4R

SRR B FE S, 0T DL o B B i #) E E  s2
ST TR T3 ok 0 S B A5 B BRI A3 B R S BRRRAE £ B
X BE o 55 B Bl A AR B 1 AT R (R BAL G 1
5 [ 2% o B U2 4 R R AE B SR BURE T, AR T B AR AL
FHARIC 1] A9 2 UK 4 J5 R AE 15 2 78 20 3 BURD R A, 42
SRS EES L Rl
3.23 BER LY TR

AMOG BEHF B R AR Z [ E & 1 LR
AR Bk HEAT Z W as 28 B, N AT SR A B SR
PERY 208 2 4 REE . AMOG 88 ELA iy A [ 38 B
1R B R S SRR A . A, AMOG BT i A
FEAE A B % A R, TT [ GE N M AR B i ARRAE [
) 50 o 2E AT AR G L 9 A5 () 28 5 R, AMOG R
T RIS SRR o 7 2 K AR 1y fig 7, A
XL fif T WU 22 B B 4 Jey R AE B2 U 26 o 7 11 B P
e F JRy FB A B 558 =, AMOG F B & 3k 3% & ]
Oy B RSB A BT A AR R H T R R
B TR AR A

AMOG 5 He 25 4y 7 B B4 BT, 40 141 6 e L 1R
B AE WU 22 [ B 4 Ja) 45 AF 12 B0 09 26 o 4 B T N, A4S
BB  AH 2 A NS FEAE B AR AMOG B8
M AMOG BEHAEAE T 170 A FRAE B X 2 — AN RRAE
B 7X7 KN KR 1(s1) BT B Al 43 85 4% k47
Je R AS R 14 3R I, A5 F] — B 9 1D A R R A
B B AT A S 5 AR IR R R AT B A AR, e
— AR RS B R AR RRIE R R — B s A 58 B —
By 2 1] 58 HRRAE P 4 A B R — AN DU AR B 15 31 55 = A4
FRAE B, 5 Z TR AR AR ), 2 15 2] B 25 8] 28 B (0 45

convolution 1x1, sl

i

multiplication

T 4
depthwise

convolution
Tx7, sl

|

>

convolution 1x1, s1

i

multiplication

T

depthwise
convolution
7X7, sl

K6  AMOG B —Fias 0] 52 B 5 K
Fig. 6 Schematic diagram of second-order spatial interaction of
AMOG module

2210001-6



2 50% £ 22 #1/2023 £ 11 B/ E#

S DA e A S5 B N, — 1B 28 [0 38 HL A9 45
3.3 46 Sk AN IR 5 oR &Y

LLDN-AGDP B £ I Sk 1451 2% oA 215 5 3 i
BRI LLDN-GFC A [A], 2K 4 18 28 46 I [n) f5 7 1 S
18] 3 0[] R, g 2% 2 38 2R 5 00 R R W] 0 ) s s 1%
RS A8 — A 250 o BOR — > B A B 4r 5, R
HWEBNMMBREETNEELESULE TH— &4 HE
2o KISk H AN 20 B Sk R, A R A 2K Sk R B
BEk o W7 RTR 4 R Kk A U £ B BE 4 SR R A 4
I 48 KN R Hoo X W X C RRAE LY B A 38 18 9

classification head

Coul

Woes — —> —>

confidence head

—  — —p
output

feature map

shared-MLP (Cou to 2Cou)

shared-MLP (2C,u to Nas) Nas: number of lane classes

shared-MLP (2C, to 1)

25 2 0 S 2 2 2L (MLP) 7= A= f5 21 1500 4
o X2k 5 — 2 AL MLP K RRAE & 4E B2 A
Co V2 2C,, LA 5 P 45 R AERE )1, 55 — 2 L =
MLP ¥ 45 1F 4k B L 5F 0] N B T2 A a6 & %08
S LA KA AEAR R T S AT AR IO H N,
WE N7, %id softmax BT H,., X W, X N, [ 43
FRFE K], WoR B AR BRI X FEfF Sk,
[ B SR FR AR B 2 B B R 3 2C,,, 58 2 L= MLP
FRAE 4 W ] 1, 280 sigmoid pREHRAS H,., X W, X 1
BB B RRAE T, R B IR A T AR AR

Nas

Hyew  classification output

»

Whev

1

Hhey confidence output

Wbev

softmax

sigmoid

K7 LLDN-AGDP #& il 3k
Fig. 7 Detection head of LLDN-AGDP

PR — T2 R R AR ) /D T SRR
B, DRIk SR AL B OE fRE R BB R SF- A (] B Y
softdice #5 2 “HE  BAF IR K, XU

2 2 ;\Iziyxconf,,jlﬁconf,‘/

DU Mt DD R e
A Lo BT IR 3 Foon, R IR (4, 5) b 15 1 Y
TR A 5. c0nr, 0 5 904 85135 135 1) 5245 N, M43 3
Sy A (977 BRI BB € 15 8 10 R A B AR R &

ST T AL I 640, B2
T 2 43 25 1) 55 14 2 SUAR AR 26, 515 000 46 76 11 25 B B
2 5] R IE B ME R A 7R B L ). MRk RO B
FiE 5 e 43 26 B 0 2 R, LA BN R R

Ldﬁ:Ni\/liilog[p(ids”)} (10)

R exp(ifls,)
()= S exp( )
Lia = Lo T Lo, (12)
Kofp (e, ) RS (4, 7) b TE 5 2 5 b= o, T 6
softmax {if ; C 2 %238 26 25 LMK 25, WAk (7, ) Ab 2k
B =, 19 TR 5 24 g WK (7, ) ik 2 50 2
A 3 Lo H9 43 359056 5 Lo 0 B0 B

Lconf: ]- (9)

, (11)

4 ¥ Pr5ihe

4.1 HIFEEMIEMR ISR

AR SR FH G R B — A N TF A R RO B s R 2R
BE 4 K-Lane, 1% 8088 4 4045 15382 frame £% Fp 2% 14
TRZWH 6518 &b iE N EOLE LS = 5, 3t
430 7687 frame Il 2k K 5 1 7695 frame P X £ B , 45
20 B8 A B AN [ A SR R 3 s, BAR A - (1) O
MEE A R B ; (2) 238 26, Al v i ¢ v
PR 5 (3) B3 T 14 45 G0, AR U 4 20 1 42 2 A 3t
O3 6 Y (4) IWAE K 428 A A5 g, Horp A il A
Py RTC R A AT I AR R ST EL AR A
& 8 fIf 7 o

K-Lane 548 5 R FH FL 20 BOUE R PR $8 b, X 150000
250 T 0 REAS RS 43 I PP AL R A A AR A S DL SR R
BEIER 4325 . F) 0 B0 K i 2 0 49 (8] 38 0 38 - 1y
B, & L h

. 2 Nip

1 + 1 - l\]TI)+O.5(NF[)+ANFX>

,(13)

Cprecision CRecall

T Cprecivon AR R, 278 T O PR AR A Hp L 52
P oA B APEREAS (9 FE A1) 5 e A A 1SR RN SE PR O
BE P A A e, 8000 Ay B P R AR ) B 48] 5 N Sy L B
FEA B 5 New 9 fBBHPEAEAS B 5 Now O R PR RE AR

2210001-7



% 50% £ 22 #1/2023 £ 11 B/ E#*x

test
totally 7695 frame)

! urban
night

curve 687 117"
: 5503

5662 L oue sm
: Oce-1 — 1452 1666 1| Gy normal
Occ-0, (without curve . hi 4 . ce0. (without curve
(no occlusion) and merging) i Il;lagh\'avag 1823 1834 dfhwag’ K (no occlusion) i e
. (train) (test)
highway highway
night night
(train) (test)

i
i
i
i
i
i
i
i
i
;
!
; 1487y 4572
i
i
i
i
i
i
i
i
i
i
i
i

CRIEE S
Fig. 8 Dataset distribution
Gy 43 LWHERRSN

42 YIGHETHFSEHIZE

ARSI BT AT ¥4 Ubuntu 18.04 R4& R, 3T
HEZE Pytorch 1.7.1 58 BY , DA iy 1) ¥ 1) 77 2UFE — 3K Tesla
V100 & K 7712k, % A Adam HE 4k %% , batch size
WE N4, %R E K 0.0002, B A5 32 H (ToU)
{8 &% B O~ 0.5, B AU 3k 3 4R 60 4> epoch., 7E BEV %
T 0o 26 3B 43, N 2% 2805 FefE M 45 LLDN-GFC M 55
— L REWN N SR RS s B e R [0,
46.08 m], y 4l [ —11.52 m, 11.52 m ], % 43 A9 ¥ % R
1 410.04 m,0.02 m], GFPN 4% ¥ 5 2 iy 1 R 1F & 3l
TR E R 64, 7E T R4 ER A, WU AR B A A
HASKCN, N30 3 T il S g AR o 3, R I R
NEE RS AR K B E 512, MHAJZERE T
SEANBCE R 16, UK A e Nl A A B FEN 29 B 1
Oy Bk 8 A 3, B Ny NL A SR SCRik [ 19 ] Hp g R
INE o 7AW Sk &6 4>, R 4 Scmk[14], C BN
1024, N, BE N 7.

TEAA IR AT A MUK LLDN-AGDP 5 3 it [ 2%
LLDN-GFC M Re#E 47 X} b, 8 48 LLDN-GFC H £
190 265 B 43 R Ay H At S 1 A 4 JR) R AE B U 2% B
B W25, 5 HE T X . R T PR IESE 56 2 1
W 7 1 5 5% b Sk g 2 — B

B 1) 2 R 28 45 5 % Bb Sk R A TR B i
B, 4 W& RNF-S13. RNF-D23, RNF-C13, H 1 |
RNF F£/n i A FPN 4544 (1) ResNet, S13.D23.C13 41
AR FAE AL KB P KB L CBAM Y SL B
13284 23 )25k 22 . ¥k 6 BT DUAE AN 102K 43 BF
R IE LT B0 AZ B ; CBAM $h A7 26 8 F LLDN-
GFC I A EE S, H 2 & A & R
TR, B RE B AS LLDN-AGDP IR AL BIr 47 i A
B AR T AT 42 R A OCERAE o 0 48 Y 42 Jmy R AIE 312 B IR 2%
% H Swin Transformer™# CAT™ . FATHE iR M 2%
1€ K-Lane M i 45 L JE 4700 38, i X &5 SR an 56 1 sk 2
FER o

# 1 ARFETEK-Lane ML iy EFEE F o808

Table 1 Comparison of confidence F, scores of different algorithms on K-Lane test set

Method Overall /' Daytime / Night /  Urban/ Highway / Curve / No Occ-4-6/  Frame rate /

% % % % % % occlusion /% % (frame-s™")
RNF-S13 73.2 72.6 74.0 73.1 73.3 70.5 74.9 63.5 13.1
RNF-C13 78.0 77.6 78.5 77.7 78.3 76.0 79.6 69.3 13.0
RNF-D13 72.1 71.3 73.0 71.9 72.3 69.6 74.0 61.9 13.2
LLDN-GFC™ 82.1 82.2 82.0 81.7 82.5 78.0 82.9 75.9 11.6
RLLDN-LC™ 82.7 82.5 82.9 81.6 84.0 76.1 83.4 79.1 16.4
LLDN-Swin'*"! 82.5 82.6 82.5 81.6 83.7 75.7 83.0 77.4 10.7
LLDN-CAT™ 82.7 82.7 82.6 81.7 83.9 77.3 83.5 7.7 11.2
LLDN-AGDP 84.7 84.6 84.7 84.2 85.3 78.9 85.2 79.4 11.8
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Table 2 Comparison of classification I, scores of different algorithms on K-Lane test set

Method Overall /' Daytime/ Night /  Urban/ Highway/ Curve/ No Occ-4-6 /  Frame rate /

% % % % % % occlusion /% % (frame-s ')
RNF-S13 70.5 70.1 71.0 70.4 70.6 68.1 72.3 59.0 13.1
RNF-C13 75.3 75.1 75.5 74.8 76.0 73.1 77.0 65.3 13.0
RNF-D13 68.6 68.3 69.4 68.7 69.0 66.5 70.7 57.6 13.2
LLDN-GFC"" 81.1 81.4 80.7 80.6 81.7 76.7 81.9 75.5 11.6
LLDN-Swin"*” 81.4 81.1 81.8 79.5 82.8 72.3 81.7 77.3 10.7
LLDN-CAT"™ 81.5 81.5 81.3 80.7 82.7 76.1 82.3 77.1 11.2
LLDN-AGDP 83.6 83.8 83.5 83.0 84.3 78.1 84.3 79.1 11.8
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Fig. 9 Visualization of detection results on K-Lane test set. (a) Daytime; (b) night; (¢c) urban; (d) highway; (e) curve; (f) no occlusion;

(g) occlusion Occ-4-6
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Table 3 Ablation experiment results of LLDN-AGDP

Method DPS GEPN E-MBCONV AMOG Lsf“;l?jr;c
(a) 82.1
(b) N/ 83.0
(c) N N 83.5
(d) N NG NG 84.1
(e) N N NG NG 84.7
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Table 4 Ablation experiment results of DPS

Method N,=3, N,=3 N,=1, N,=3 N,=6, N,=3 N,=3, N,=0 N,=6, N,=0 N,=9, N,=0
(baseline) (test 1) (test 2) (test 3) (test 4) (test 5)
Confidence of F, /% 84.7 84.4 84.3 83.5 84.1 83.3
#5 E-MBCONV AMOG #l GFPN 4 filt 52 56 4%
Table 5 Ablation experiment results of EEMBCONV, AMOG and GFPN
E-MBCONV AMOG GFPN
. Removin
Method 8 o
Baseline MBCONV!™! Rer;:)‘\xng Baseline depthwise Baseline FPN™
i convolution
Confidence of F, /% 84.7 84.7 84.4 84.7 84.0 84.7 84.2
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Abstract

Objective Lane detection plays an important role in automatic driving. It is the premise of lane keeping, lane departure warning
and high-level automatic driving. Lidar has become a new direction in this field because it can generate more spatial three-dimensional
(3D) information and is less affected by bad lighting, shading and other conditions. Currently, lane detection is mainly based on deep
learning. Compared with traditional methods, it has higher detection accuracy and better robustness. The key of 3D lane detection
with lidar based on deep learning is how to extract and utilize the feature information of lane point cloud completely and efficiently,
otherwise it will not be able to cope with various lighting conditions and challenging scenes, which will have a great impact on the
realization of automatic driving function. Therefore, how to fully extract and utilize the feature information of point cloud is the key to

improve the accuracy of lane detection.

Methods The proposed lidar lane detection network, LLDN-AGDP, consists of three parts, i. e., bird’s eye view (BEV) encoder
network, backbone network, and detection head. In the BEV encoder part, the original 3D point cloud is projected into a two-
dimensional (2D) pseudo-image by a point projector, and the feature is extracted by ResNet34 with global feature pyramid network
(GFPN) (Fig. 2). By fusing multi-level features of different scales, a feature map with globally relevant multi-level semantic
information is constructed. In the backbone network part, firstly, through the efficiency mobile convolution (E-MBCONV) module
(Fig. 4), the local information between the window pixels is exchanged to generate better downsampling features and enhance the
network representation ability. Then, the feature map is input into the dual-pathway module and the fusion module (Fig. 5), and the
low-level high-resolution texture features are compressed into high-level abstract semantic features, thus reducing the computational
complexity. When learning finer low-level texture details, the compressed high-level abstract semantic features can be used as prior
information, thus reducing the difficulty of global feature extraction. Moreover, the adaptive multi-order gating (AMOG) module
(Fig. 6) is embedded in the dual-pathway module and the fusion module, and the multi-order spatial interaction is carried out by using
the rich context information between the cross-level feature maps, so that the network can adaptively extract lane lines. Finally, the
lane lines are classified and located by the detection head.

Results and Discussion The proposed LLDN-AGDP network is tested and evaluated on the K-Lane test set (Tables 1 and 2).
Compared with the comparison networks, the average confidence F, score and average classification I, score of LLDN-AGDP are
84.7% and 83.6%, respectively, and the performance of LLDN-AGDP is greatly ahead of the lidar lane detection network using
convolutional neural network for the backbone. Meanwhile, LLDN-AGDP outperforms LLDN-GFC, RLLDN-LC and other lidar
lane detection algorithms with advanced global feature extraction network in all kinds of roads and scenes. Under bad lighting and
severe occlusion conditions, the average confidence F, score is increased by 2.7 and 3.5 percentage points, respectively, and the speed
is at the same level as that of the benchmark network LLDN-GFC. Through the visualization of attention scores, the robustness of
each model under occlusion conditions is compared and analyzed (Fig. 10). The comparison between LLDN-AGDP and other
network attention visualization shows that LLDN-AGDP can pay more attention to the areas with lane characteristics and show
stronger interest in the lane lines in the blocked areas. Then, the effectiveness of the proposed innovation module is further analyzed
(Table 3). The results show that after adding GFPN structure to the network, it can effectively fuse the features of shallow strong
position information with the features of deep strong semantic information with global correlation, which brings stronger
representation ability to the network. After the introduction of the dual-pathway structure, the network can make full use of the
differences between different levels of features to further dig deep-seated global information. After the E-EMBCONYV module is added,
it is beneficial to alleviate the attention limitation of local windows in the dual-pathway structure and realize the interaction of
information in the windows. After adding the AMOG module, the feature capture ability of the network is stronger by using multi-

order spatial interaction of context information.
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Conclusions A 3D lane detection algorithm LLDN-AGDP for lidar based on adaptive multi-order gating and dual pathways 1s
proposed. GFPN structure is proposed in BEV encoder to enable the network to effectively fuse texture features and semantic features
of different levels, and pay attention to the global information of lane lines at the early stage of the network. In the part of backbone, a
dual-pathway global feature extraction network and AMOG module are proposed, which reduce the computational complexity and the
difficulty of deep global feature extraction through the interactive and complementary information flow structure of the two pathways.
The AMOG module can make use of rich context information and adaptively aggregate the more representative features of lane lines
to improve the detection accuracy of lane lines. Moreover, the E-MBCONV module, which can effectively exchange the local
information among the pixels in the window, is introduced. The test results on K-Lane test set show that the average I, score of the
proposed algorithm can reach 84.7% under different road conditions and scenes, which is 2.6 percentage points higher than that of
state-of-the-art model, and the F, scores under bad lighting and severe shading conditions are increased by 2.7 and 3.5 percentage
points, respectively. Finally, LLDN-AGDP algorithm is deployed on a real vehicle to verify its engineering application value.

Key words lidar; automatic driving; deep learning; three-dimensional lane detection; adaptive gating
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