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Lane detection model of multi-branch fusion attention mechanism

Kuai Xiao Ding Fei Zhang Dengyin

(School of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract: In order to solve the problems of inadequate feature fusion, low detection accuracy and poor robustness in current lane
detection, this paper proposes a lane detection model called fusion of multi-branch structure and attention mechanism network
(FMANet). In the image coding part, fusion of multi-branch structure and attention mechanism is adopted. swish is selected as the
activation function, and the image decoding part adopts the jump connection structure to achieve cross-layer feature fusion. In this
paper, TuSimple public dataset was used to evaluate and verify the FMANet model. The experimental results show that the mAP index of
the FMANet model proposed in this paper is close to 97. 25%, and the lane detection accuracy reaches 98. 15%. In addition, CULane
dataset verifies that the FMANet model has better robustness in different scenarios.
multi-branch  structure; attention mechanism; activation function; skip

Keywords: lane line detection; fusion of features;

connection structure

T4 TBEAGI , R BT 424 4 b G Sl A ) H B, ]
uﬁziﬂ:ﬁ\ o 7S RS ot il R S AR e e A L) S
aTiiﬁ%V‘{ﬂ‘Mﬁﬂﬁfﬂf B 3 AT 27 18 2 A
255 , AR T 4RO -5 DA, DT T 19 8 {4z
(&
PG A B LA I J5 12 P 73 N B TARAE R O 0k S T
JUARRSE AL P4 7 1 DA B B IR BE 2 S B i) B F

0 35l

il

Pageit, 2021 48 4 [ B3 4 28 i F iR R B R
211 074 k2, Forb 4 20l SO0 156 901 2, i %
T LR 125 5 B0 5838 B i R 509% ! FRTE R
KW b 55 e W B 22 3l R 46 (intelligent connected

transportation system, ICTS) [ 2L s ER 7, HF 75 0 48
B i O A2 A [ SR 2 — P ST R
I B R 45 (advanced driver assistance system, ADAS) it

Wk H 3 : 2022-12-01
SEEWH . EHRK A RBP4 (61872423) TLHA

Received Date; 2022-12-01

AR Y 4B LA T vk | 32 B R M 4R B 4 5 i v S
JH3 2Z 61 SO BRI BE AR B 3 A A LA R T 4 S AR 22
St 8 1 B R TR A IR AR BN s ok

1R A H AR BRI Y T ORI H (19KJA180006) ¥ B



- 36 - LSRR R e o

937

RV ZEAE D oy SedR B B I 205 8., SRR 1B R AR 22 1
Tof 2 5 1) A AR DX S AT i A 2 i % S 2 LTS
SRR fe 5 R 1) DX ] 5 B {E % Hough 75 46 e i
AN L, XRAF BT 4B L G B 43 A1 A
JRBE 53 AT S IGD GO AT ) — P B T SRR s R 2
PR AR B Ar I 7 7 | R A 22 08 AR AR R A 7 R I S5 R
PR IR APk i SR AT LG, AT 4
HE — L T R U B 1Y) 2 A I ik, R T 2R
TS TG 4B 2, Li J 555 R FHSE T80 8 Ay 5t
SR 2238 T8 A fl A T, S5 G 4 8 2 £ A 1 R
(hue saturation value, HSV) ¥ EdEAT 418 2R A6, BT
R Y A2 B AT T v %o R 7 L iUk, L %) 52 B B
LIRS KA 5] B 22

FE TR J5 1 3 B 1k D JC 42 18 2 (9 AR fiE 2 A
ETE LR LA R OR SR B 7R 28, Cai %51 #E 7 —Fh i
WG T B (R 7 JR M R DX ok 1 B2 T 2 0, R e
PR R AL AN G3E LR Ze S R T — Rl
AU Hough 7845 FDBLEE K R R-f5e/N 3 5 46 I 4 38
2k, BB Hough 78 4 F1 5 BE 2 1] S i
— AR Y A LA S W A 2R O i U N B B
Oy IBEAT RIS ARG, Jung AR T —Fh R TS24
3 B AETE RGN 7 i , R R AR bR 4 A 18 3R 25 1)
A, SER ) R A AR A RS R4 R
TP TR AR IR A U B R A E 2R T B e R
HuAR I AE AL IS B 42 TE LA S, R DR R O =X
ARGHETHAF B RS T 2 5. TR
PR 2 3 AN Ty 12 2 A ST AR R LA BB Rty 1 S ok
ST BB Y H BR A B R B RE AR N AR 2R R
ISR LF HATOME S 5 | X T A TE LRI Y | B 1 A AE T
PO LB BT & 1, RE WS A AU D TR R 1Y
R TE LA 7 V5 A7 A 1) 1) (2 B — (AR ¥ L)
T N I H A AR M AP 5 & R L

FETURBE 7 > 1 42 1B LAl iy B A AR 202
FEHE— TR 2 P 28 ) 2 B TR Ofe S0 B 4 T Ze k], 4R Js il
FHOR B8 xof P 28 AT I 2, 1h 0 A 2l 4 B4 1 20 R iE
RS TELR AR, Ko &M & T — Rl T
KSR AT ZRAG T Y PINet B | 42 58 28 D fic M fE 4
o Tripathi 55" i A 2 4006 RRF A9 2 B0 0 igEA T
BT, Hou 55117 4 H — il [£] 4% Js) 346 VT e 550 v
(sum of absolute differences, SAD) ,iH =& FH 15 X 4%l
HIHZE TR AR S 1R B B 2 2K (R IE KA BE ST o Tung
SO AR R REAS R AE A A UM AR S R S 2K AR Su
S SE T SGNet HEALFE MM AT ARSC IS5 HI (5 R
AT AERf S U 4208 O F X 4B L AT o ERE AL, K
FREE B B 3 I IR BT T T — o 1 S AR R
G R IR B LA S . BT IR B ) 1y 42

TEZAGH N 388 2o % S22 ol 228 I 28 A AU A 2 3 e A, 7
JEEE TR 5 EOR b BEAE IS N T 22 10 5 AR BRI

SR FEIUAT 13 T IR B 2 2] Y G a8 Gl vk v
AR S B3 S 14 A8 2 X 4 48 ) X L 52 R g 5 2 1) i
BB AN ER , G EHE AR BAEA W T RAE 22 2] vh
Boy BR G PRI RHE S B T2 BORIE RS A 78
53 VA S B R I 45 SR AN JE o A TETR FE 2 2 v
PRZ 28127 ] 23 DR DR I 28 TR T A 186 T e sl 22 4, B
ESREeN - RIEPN 0] I

S AR SCHR Y — A 22 03 S A A A T L
Fi8) 2 T8 28 K6 T 45 B ( fusion of multi-branch structure and
attention mechanism network , FMANet ) , ﬁf’ﬁ,%ﬂ:@ﬂ%
(ELHEAT B30, X IS 46 PG AT IS R I B, HE
KA T RRRAE A TE 2 A M o 2 b el T 40 B R AR AR
BT R FECRAE RS AN 7853 AR iy 2 AR 10 [ L, A<
SCRHE T 2243 3256 R 7 07 AL R 184 5 AR 12 A
D1 FEfEE SRR 2 A E R . BJa, ER T
D) 244 V% A 348 T ot S A 4 I 4% ) 2 ST MR B e 1 FE
TRBR BETH 2% 1 T) R, A SCHF A swish o BOFI B BR % 42
BB AN 00 2 W S5, T 3ok AR ATl i e A R ) R
PERE

1 FMANet #EBIH 8

TE4 B LA b A% b | i S0 42 AR S R B T
5 T8 PSRRI , R AU e 48 Ay 1 2 i KR, SR J5 3
BRI ER X B, 5 J5 3215 2 FMANet B8 #8147 4k
PESCEE T A EAE B ) A IE LA, R AT A
LA I Ay AP R AL 4

1) BEHCAFF MRS X o i T 2 G T
BEAEHAT G H), AR B FRan & 1 R, R4
25 UG B - 3045 35 1 $2 AL B 22 18 42 1) JR % R IX B
WS ETELAG I TCOCH TR R il an K= 38 i Pl
A A S T IR R 8 e (IR AL F) 15 6 it v 42
LRRIRG L

2) 5 lER AN R 48%48 K AL BG4I 5 — Ty
EURAE R AU A

3) WG H A F] FMANet #5571 (1 R 2 A 356 43, 1
JHBTRERAETN swish pRECHAT EURFRESEE, JF R T 2
O3 SCER RN P 7E A% 3 5 AR b 4 BUE 22 19 R AE
R M BRI R B A8/

4) KPEBUS M RFIF 15 2= FMANet A5 (1) 15 i 7
P o3 HEA T AR | 7E 5 T LA I T 2 0 P A A 38 4, 1
Bk BRI F22 45 ¥ O30 5 300 4 B A I S UG R AT 8 R
BRI B 546 ROT

5) iliT softmax BREH ) F & 1E S EI



o 4 3]

2003 SR TE R ALH A AR B LA AR Y - 37 -

6) VR FH YIS i 45 31 ) 4238 AR DI AR AU XS TuSimple
B AR T 0 55 TE AR ) ERCHE R A TR I I A i de A
=B ol Eo

ASCHE B FMANet A58 () R 2% B0 46 Q] 2 TR,

PROTIEAE A S U S B 2R T, BIAZ 4 32
S5RG R IHLE swish JE pRECMBRBR 1 254, I
— AR L ) AR SE L A [ 45

BT 2T EE S FI G EOGER IX R P R

Fig. 1 Region of interest image based on image segmentation
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Table 1 Performance comparison of validation set among different networks
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Table 3 Precision comparison of CULane detection among different networks (%)
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SCNN!2 90. 62 69.71 66. 09 43.12 66. 92 84. 14 58.49 64. 41 53.18
VGGNet!?! 80. 30 59.23 56. 14 33.72 54.16 68. 35 45.62 50.22 48.76
SegNet”ﬂ 91. 25 72.38 68. 42 53.48 69. 82 85. 67 65.03 66. 32 75.92

FMANet 92. 63 74. 80 69. 23 53.37
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