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Method of lane detection based on adaptive fusion of
double branch features
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(School of Traffic and Transportation, Chongqing Jiaotong University, Chongqing 400074, China)

Abstract: In order to solve the problem of feature corrosion and submergence caused by direct fusion of
deep and shallow features and realize accurate lane detection in complex environment, a lane detection
method based on adaptive fusion of double-branch features was proposed. Firstly, a dual-branch feature
extraction network was designed in the method to enhance the feature extraction capability for lane lines in
complex environments and reduce the loss of spatial detail information. Secondly, a feature adaptive fusion
module was constructed, in which channel attention and self-attention were utilized to guide feature
selection and fusion. The fusion process was adaptively adjusted to optimize the channel and spatial
semantic information of feature maps. In addition, the improved parallel hybrid pyramid pooling module is
more in line with the characteristics of long and narrow roads and captures remote context in multiple
directions. Finally, the proposed method was tested on TuSimple, CULane and Curvelanes data sets, and
the F, reaches 96.93%, 76.48% and 83.21% respectively. The experimental results show that the

proposed method can effectively deal with lane line detection tasks in complex scenes such as occlusion and
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Fig.1 Network overall framework
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Fig. 2 Double-branch feature extraction backbone network

HSORS WA I 75 28 4 T B9 22 R UORRAE S B R i
TR0 2% B TR JE R AR S LR SO B R B AR AL
A X RELDRE B9 45 1, R B, 82 R U 4 RS 1 1
PRALE L HIE SUE BA R FRAE 4 7 B R 451



% 12

MR, E Ry ARG E DA EEEENF X

- 3843 -

PANet ™ 5@ 1d [ RFE & PRIE 5 IR GURE 1 H2 14
AR, A E B+ E B RE, AR
T3 AR AT RRAE V5, FRAE AR B BT 5 R
W, 7638 T R B A AR T R RS
# He (Channel perception fusion module, CPFM) ,
CPFM HI| J 38 38 14 25 ) o uE FR IR 205 B R B R
HE SUIE B L BIR R R IR 5 2 R A5 o
CPEM B4R A il 45 o R 40 18] 3 BT 7

fix % CPFM #& He i & 2 o A % 1k 4
X, ERTTV R AR X, €RTTY U H
Jeif it Concat #AF 5 iy ARRAE 25 0] X, 1 X, ¥ 58
18 4E B PR R RSB X e R* Y SR 5 F H B
. B SRF R JR Jly R B R A 3 VR R O G AR T
A R 3 Ao R B A 1k A 0 X R G A RRAIE X

X BT IR, B AR AE 5 55 — 0 S0 IR IR
AAF AR N, 75 20 14 38 40 AF X, 0 X,
X/:X/JFX/]@

S(PWConv' (GAP(Cat( X, X,)))) (1)
Xh:X/: +X/®
S(PWConv' (GAP(Cat( X, X,)))) (2)

A Cat Sl 38 PF 42 s GAP b 4 Jm) F- #4934k
PWConv" hy n JZ2 3% f5 45 FL 5 6 i Sigmoid PR AL ; &
R % JCE AT
T J5 B 19 5 R AiF 38 2 Concat i 18 4 B PF
% 5 4 FH (Pointwise convolution, PW Conv) 4%
R A 3R SRR Rl 5 i X, e ROV
X, =PWConv(Cat( X, X,)) (3)

r-r-—-———"—F"=>"—""™"""="""™"""™""™"""™""™""™"""™""™""™"™"™"~"""—""™"™/"™""/™"™=/""™/""™"7™/"77 |
I W |
| ! |
—F’I X

|
I CXHXW A |
| X ol _ S I
| % > > | X = S > | T |
! OSel & S8 18] 85 < % S 2wl sy | 1
I ‘ G = Z |z - o) z |z I
| ﬂ A~ A~ |(m X Q A | m I
I & I
| CxHxXW |
| |
| X, > |
| |
: U cprFM |

|

—>[ PWConv+Upsample J

3

18 i R AN RS AR

Fig.3 Channel perception fusion module

1.2.2 X HTEEIIAA B

DATE ) i SCA B 42 T 2o R I 1 K 2 56 IRy
TR ANTRRRAE , 20 T ) 35 22 ) 45 ) 56 28 1 5 ), T
Xof 2 AP B R N B R 4R 5 e b e R Ak
RE 125, UL, 2 A EE S HLHE P BB &,
P TR X H EE A B (Cross self—atten-
tion fusion module, CSAFM) , 1% A5 He i 52 [ 14 3%
I AL ST K B B S TR OC R L 2 A R 2
FEAE TG S 8 5 12 RRAE 23 R 4045 15 B, B X
AR 5 243 (] R A AN [] A R A A T AR T R R
R A5 85 Jm 0 E) 4 ) G &R L P T A (Rl
5 BT SCF R S A R AE RE R E R X
5B, REM g2 man 155 B, A & i 15 %
S22 R TP A E AT 55 . CSAFM I RRAE
R A R AN 4 TR

{52 CSAFM BB i AFFAE ) X, €RY,
Xy @R W SR i A FEAE 38 2 Concat 38 18
o FE PR B VE A PW Conv i 1B e 45 82 1E 15 2] BF
SRR X o € ROV I 43 5 5 LZR Pk LS W45
FEIMQ K HV,

Xew =PWConv(Cat( X,, Xy)) (4)
K X R BRE, X, IR 2 FRE .
Q=W"Xc,
K.=W'X,,K,= W"'X, (5)

Vi=W'X,,Vy=W'Xy,
HAEAN QNS K, K, HH3fe, I8 i
Softmax H — L #AE R BT I 0 B EA A

HFE VRSB 2R LT CREOERTTY,
A, = Soft max ( QK,T/Jd—q )

6)
A ;= Soft max ( QK;I,/\/Z ) (



- 3844 - THXEFF

(T % k)

% 55 %

K :d, h QR IE4EJE .
O, = Reshape( A, V)
O, = Reshape( A, V)

A :Reshape S 8 BIH#AE , A8 sk IR .

B A R TR RRE O 5 RS O R AE 32
SCAH AT B o AR AR W R AE BT . e Ky
5% 4% IF 38 28 Concat 1 18 4k & P42 #:1E 5 PW-
Conv if 18 JE 45 B AF i 11 S AR iE ZEe RO,

Z=PWConv(Cat(O, + X,,0,+X,)) (8)

TERBELWAL S RBERIEL T T 418
L4 R i SR RHIEMS Bk THi 4 L E

(7)

F R0 42 3 2% 5 R 2 R AE & T TR AR AE
S RRAEAF B U4 ME DL AR AR 2k A R 4
o B HRlG RIZFRE 5 1R )Z REE 2 5 300 Ik
JEE AR AEAS B o BIUL, T R 515 R R AE S il
A CPEFM il CSAFM & ) 1 fift o 5 1F B 45
[va) S0 I R 1 3 A R AE 2 1 R A B IR KR
JZREAE 1 5 Rl A o R B TR X TR 1) B i
55900 25 5 ok 2h 25 R R, W AT 45 T ok 5 T
D% 25, 38 5 R AE Al v i R e S 2 R A L e
F1, IR A TR R ST A B B AR OG &R i T
B Hib 35 N 2 R Y B 2

Vi(HWxC)

W, KlHiQ) #E
X, P

QUH*C)

1 Ki(HWxC)

X, > ®E

Vi HWXC)

PWConv
V4

B4 ZXXAEFENEMEER

Fig.4 Cross self-attention fusion module
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Fig. 5 Parallel hybrid pyramid pool module
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Fig.7 Detection head for lane line existence
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Table 3 Comparison of experimental results with CULane data sets

Fooik A% /Y% PE/ Y% w/ % ‘Tw B/ % isk/% WOB/% B/ % oL FPS
/% H /A

SCNN'? 7160  90.60  69.70  66.10 4340  66.90  84.10 5850  64.40 1990 75
ENet-SAD'* 70.80  90.10  68.80  66.00  41.60  65.90  84.00  60.20  65.70 1998 75
ERFNet-E2E'®! 7400 91.00  73.10  67.90  46.60 7410  85.80 6450  71.90 2022 —
PINet'?" 7440 90.30 7230 67.70 4980  68.40  83.70  66.30  65.20 1427 25
UFLD-ResNet34'®! 7230 90.70  70.20  66.70 4440  69.30  85.70  59.50  69.50 2037 170
CurveLanes-NAS-M"® 7350  90.20  70.50  68.20  48.80  69.30 8570  65.90  67.50 2359 —
RESA-ResNet34!1"! 7450  91.90 7240  69.80  46.30  72.00  88.10  66.50  68.60 1896 45.5
LaneATT!? 7513 9117 7633 69.51  50.16  73.25  87.82  63.75  68.58 1020 129
DBDNet-ResNet34 76.48 9255  74.97  70.79  49.67  77.79  88.35  66.63  72.35 1358 76.5
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Table 4 Generalization experiment results

Ik F,/%  Precision/%  Recall/%
SCNN'"! 65.02 96.53 6.17
ENet-SAD" 50.31 63.60 41.60
PointlLaneNet'*’ 78.47 86.33 71.59
UFLDv2-ResNet34*  81.34 81.49 79.44
CurveLanes-NAS-M"%  81.80 93.49 72.71
DBDNet-ResNet34 83.21 86.65 80.03

VE IR %2

i T AE B DBDNet &+ W 45 i i B A1 fl &
L CPFM 28 X i 7 7118 Ul & B CSAFM |
IFATIR A & 7 5 AL A5 B PHPPM 4l Bl 43 #1 3k

S e PRI 45 2R

2.3

Aux_Head X [ 2% £ 5 4 g $2 71 19 sk , 18 H &2
A SRS CULane AT IH AL S50, S5 R N3k 5
FIFR o

DBDNet & 1 % % : % 5 ' #Y ResNet34-Seg
7R ResNet34 3= T W 2% XUkL B i 4 2% F1 7238 A7
TE 53 SC2H U A8 2k 43 FI R 2% 5 (a) o T M 2%
% i DBDNet & ¥ 4% | FRAiE fill 5 >R 113 J0 %K A
INEAE . R ST BRI RR IR T T 2. 02%, 56
iE 7 DBDNet B A R0, 150 7R E S HUEE ) .

FI 3 7 ARFIE BN il G BB (b) 3RO AE (a) 1Y
FAl E5IAT CPEM B ; (¢) RRTE (a) (1 LAl
ESIAT CSAFM f8 5 (d) Fon 75 (a) By LAl 1
5/ AT CPFM 1 CSAFM #5e , f 2 5n] 1, B
AL fE (b) () (d) 20 51 #58 (a) 42 T+ T 0.47% .
1.37% .1.83% , 8 F T CPFM . CSAFM £ B fiy
B R T BRI S s ] AR RE T .

TR A & F Ak - (e) R 7E (d) 1 FE il
EBIAT PPM B (1) F/RTE (D) B FmE E5IA
T PHPPM #ide, ¢ 2 5 nl 0, BRI (e) () 552
()44 T 0.29% .0.52% , 5 iiF T PHPPM
BEH A A 80P i T2/ B FSUEE .

By 4y #8053 3 (@) FoRAE (D Al 51 A
THEBh 4y #) Sk Aux_Head., 35 nf %0, 4 70 A
OO T 0. 74% 50 0E T 48 B 20 %10 5 32 19 54
PR, HE5R TRLRZ AR ) S8 R

x5 HEMIWHER

Table 5 Results of ablation experiment
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Fig. 8 Visual comparative analysis
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