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Continuous frame lane line detection network based on deep learning
KONG Jian, LI Ye, YIN Ting

(School of Optoelectronic Information and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai, 200093, China)

[ Abstract] In order to improve the performance of single —frame image detection of lane lines in dealing with complex road
conditions, such as lane lines affected by shadows, stains, or occlusion by people and vehicles, the performance of the lane line is
poor. A lane line detection network based on continuous frames is proposed, which realizes the fusion of Convolutional Neural
Network (CNN) and Long Short—Term Memory ( LSTM). First, the encoder CNN performs feature extraction on continuous
frames to generate a multi—scale feature map, and then enters the corresponding double—-layer ConvLSTM network to capture the
spatiotemporal information of the continuous frames. Finally, the captured spatiotemporal information is feature fused in the decoder
CNN to produce lane line prediction. Segmentation diagram. Experimental results show that the accuracy, recall, and F1 value of the
proposed network are high, reaching 85.8% , 96.1% , and 90.0% respectively. In general, F1 is increased by about 4% compared to
the original CNN network. F1s improvement in road conditions is more than 10%. Compared with other networks, the proposed
network has a higher accuracy rate, recall rate and F1 value. At the same time, the running time has not increased significantly, and
the real-time performance is guaranteed.

[ Key words] lane detection; convolutional neural network; LTSM; multi—scale feature fusion
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Fig. 1 Overall network structure diagram
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Fig. 2 Encoder architecture
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Tab. 1 The structure and content of the data set
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Fig. 5 Pictures of date set
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Tab. 2 Sampling method of continuous input image
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Fig. 6 Low resolution image

2.2 BSHIREMIMKEH

(1) ImageNet J&—> H T3 2 i oK 24 L o 2500
LR B B £ A ImageNet L #E4T Fi5EYI 2R, F)
MBI AUE SRR 1R A, AT L5 2
AR R T L T LA 3 AT (6 5 0 4 4 1t
%07,

(2) LA N g3 22 1075 3l 37 5t KR O A, 04T
FEZAR ], HITE R AL & T, ConvLSTM 1Y %
AE T RB LR LA N, (ESLE % E N =
5, BHFFE T N X520 4 3 2 A A RE A2 M

(3) BT IAAE SR AR 38 1 — 45 2% pR IOk SR
iR IX oy BT S5, X (14)

£ = 2 w(@) log (piy (x)). (14)

xefd
Hi w0 {1, - K} BEEMER I E SR
2w Q— R JEENRME, B AR 4 iE 2
J5, Hpk BB IGE S 2 M RIEEE
o Py EXHA(15):

P = expla,(x) )/ZeXp (a(x)).  (15)

Hrb, a, (x) RARFHEEE k 7EBRRAE ~ e
0,0 e Z° RGBS kR IEIEH

(4) 7 T AN 2k B 4 04 R i, 76 A R Y
NP Bl AR R PE A . —IT AR A 3 e

REG AR /N, 9 T BEGIX TR BL, 24 9 2%
WENZREN — A X 45 15 RS 2 I 8 17 7 P B L Ao
BETREOCALAS (SGD) , HAE F-404x Jay e DL gt 75 T B
AR RITERE
TE S HARAAR I | T B T2 > R IT, 75 0]
P R BT, S EOSIR AR A, 4
A RIEH A3 (16) ~ (18)
Wiir = Wpgam > (16)

wkfl.;gd = Wty > ( 17)

Wiy = Wietyy ~ Xty I’A\]f( wk—l‘\gd)‘ (18)

Hrp ) w, FR5%E E WEAUPIAE ; o, 257

& RFC) R R A ) T BENLEE R, S

K W1 UR 2 ) AR 0.01, 2SI 2K A 3 90%
i, U AL

3 XE
TESEg T A R A SRR 2 BERE R 256

128, S N E5-2630@ 2.3GHz,64GB P17 Hil
2 4> GeForce GTX TITAN-X GPU, #tiHAbFE K /N Ky
16, epoches A 100,
3.1 5EEME R EShRAN LB

A SCHE (1) ) 25 45 44 2 UNet_2ConvLSTM Fl
SegNet_2ConvLSTM , 5 H J5 4 FE 2k DL Je — 2B 2 il
AHATT IE, WAL A,

(1) SegNet ; — 2 BL 18 S 431 1) 2 gt 1
SERIPR NG iR VGGNet AH I ;

(2)SegNet_Cat; TE SegNet FEAtl I, 7 g 15 25 F11
fif 25 22 A0S i 22 RUBE R A R AIE Fil 75

(3)SegNet_ConvLSTM ; 7£ SegNet_Cat H S Jill -
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Fig. 7 Lane line detection results
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ConvLSTM #f J#& Jy R[] ConvLSTM, ¥ fE i#f — 25 #2
Tt , A Bt kit SegNet_3D, AHXT T SegNet Y HER >R
SRR T 249 1.5% , FN R FP A7 —EREK, UNet
_2ConvLSTM K BUAI B, (HEh TAKRFIHELIGR
R/ NTREE RIR R, W, e R s
ER—1ZH 168,

TEA B LA IE 55 B R TE B E N IR
SRE A, R ARX (19) (20), K
TruePositive 3% 75 1F B 700 I R % 38 28 19 1% &= %X,
FalsePositive 3% 7 5 17 T I Ry 4 18 4k W91 %= 4K,
FalseNegative F/R i1 T Ry 15 52 IR 2 E, UNet_
2ConvLSTM K Precision . UNet #2851 8%, Recall

URBET 1.5%, XFF SegNet, I A XL [E] ConvL.STM
J&i , Precision $2 5 T 6%, Recall WA $25, WL
x4,

x3 ESREEMRE 1 LAEBEILL

Tab. 3 Comparison of each network on test set 1

Model Ace/ % FP FN
SegNet 96.45 0.035 7 0.040 1
UNet 96.39 0.034 4 0.032 4
SegNet_Cat 96.64 0.036 8 0.038 7
UNet_Cat 96.74 0.038 9 0.033 8
SegNet_ConvLSTM 96.76 0.032 1 0.033 5
UNet_ConvLSTM 96.89 0.035 8 0.031 8
SegNet_3D 96.45 0.034 1 0.039 4
UNet_3D 96.37 0.036 9 0.030 1
SegNet_2ConvLSTM 97.88 0.021 0 0.023 6
UNet_2ConvLSTM 98.03 0.020 3 0.021 7

T4 BEMEEMRE 1 LKL R

Tab. 4 Test results of each network on test set 1

Model Precision Recall F1
SegNet 0.769 0.959 0.852
UNet 0.771 0.976 0.861
SegNet_Cat 0.784 0.960 0.863
UNet_Cat 0.797 0.968 0.874
SegNet_ConvLSTM 0.810 0.961 0.879
UNet_ConvL.STM 0.815 0.967 0.884
SegNet_3D 0.795 0.961 0.870
UNet_3D 0.785 0.984 0.873
SegNet_2ConvLSTM 0.828 0.963 0.890
UNet_2ConvL.STM 0.858 0.961 0.900
. TruePositive
Precision = — — (19)
TruePositive + FalsePositive
Recall = TruePositive (20)

TruePositive + FalseNegative’

F 83 Precision 5% Recall F W2 1E KM PERE
A — D5, LI F1EEVE R — AT A
F15ESCHE(21) o BT 5/ F1O & E 5 AR iR
AP T2 4% I3 4, X80 2 AR, 22 i
LU BT 0 47 T 2 BN A AL ConvLSTM 7E 1
SCOYEIESR T P8 Bl A8

Precision * Recall

Fl=2% (21)

Precision + Recall
MR 4 T B 5 A9 Y, SegNet JE4il L 75
Z REFHERIG AR, H T ConvLSTM REfS H2
Z e Ak AR A A DRI AT DL i 2 R 1 i
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FEA AL B — AN R 1) I 28 BEFE 2 T 22 mf ], Ry 2
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5 miAH22JCJL, T ConvL.STM Ben] LUITE gpu JFATIR
7 8T LA EURAE Rt A8 H A7 E)
JE 2 TLF-AR TR BARRI LR 5,
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Tab. 5 Test results and running time on test set 1

Model ( frames ) Pre Rec F1 Time /ms
SegNet( 1) 0.789  0.959  0.866 5.2
UNet(1) 0.791 0.976  0.874 4.8

SegNet_2ConvLSTM(5) 0.829  0.965  0.891 25.3

UNet_2ConvLSTM(5) 0.857  0.963 0.902 24.3
SegNet_2ConvLSTM (1) 0.828  0.963 0.890 6.8
UNet_2ConvLSTM( 1) 0.858  0.961 0.900 5.9

SegNet_2ConvLSTM H2RHE i A1 5 A WidE by g
M5 A HEAT AL B W2 47 B () K 298 25 ms, Q2R
FERBTTE THT 4 WA HFRAE, S A TSR] 6.8 ms, [
5 SegNet 19 5.2 ms fE . [AEE, U-Net_2ConvL.STM
BATHIEE] 224 5.9 ms, b U-Net f 4.8 ms T4
N
3.2 5 TuSimple FEZ&GMTHEH T AL

N T DR UE AT AR 5 R RE K T R A
(77 ¥: 5 TuSimple 418 26 60 55 38 Hh (9 07 647
THH, % B ZR AR T R G BB OR MRy
TuSimple B R4 PointLaneNet A] LLAE BN ) 2% th
[ I SHAT A2 5 0000 1 2 T £k 5325 ENet —SAD 5 3
AT AN RS R T a8, H S5 Y SCNN
T KSR OF R AT 9B R R d i
T AHERE B s LaneNet T H T A 4> 45
MR 2455 P 2%, IR 1 38X 0F O 45 21 ERFNet 1.0
JCER &R, AR E H R 1D B, BAE
RrRS B2 R3] THTH Y KR 6 AIE H, TN

2RI FN F FP BT AR 45 2R A Jr b B
I v AR A BE

%6 5 TuSimple FEZLKEMFTELHEEILE
Tab. 6 Comparison of advanced algorithms with TuSimple lane

line detection competition

Model Ace /% FpP FN
PointLaneNet 96.34 0.0467 0.0518
ENet—SAD 96.36 0.0345 0.0321
SCNN 96.50 0.0289 0.0287
LaneNet( +H-net) 96.24 0.0363 0.0326
ERFNet 96.27 0.0378 0.0309
SegNet_2ConvLSTM 97.08 0.0220 0.0246
UNet_2ConvLSTM 97.17 0.0213 0.0224
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JRUETE Z AT 4 IS TR v RE, (E
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Tab. 7 Performance in 12 challenging scenarios ( Precision)
Method curve shadow bright occlude dirty blur tunnel
SegNet 0.733 2 0.728 2 0.600 3 0.594 3 0.214 4 0.504 7 0.429 5
UNet 0.714 6 0.767 8 0.669 5 0.609 8 0.339 9 0.426 0 0.613 6
SegNet_Cat 0.743 0 0.708 9 0.592 4 0.603 5 0.216 7 0.489 4 0.438 9
UNet_Cat 0.719 6 0.777 2 0.681 0 0.640 7 0.396 5 0.638 9 0.624 1
SegNet_ConvLSTM 0.749 0 0.733 8 0.594 2 0.640 1 0.276 9 0.572 0 0.552' 1
UNet_ConvLSTM 0.727 8 0.816 9 0.738 1 0.676 3 0.456 1 0.693 3 0.699 4
SegNet_3D 0.630 4 0.494 5 0.384 2 0.369 7 0.1357 0.440 9 0.367 4
UNet_3D 0.592 8 0.5317 0.471 9 0.413 6 0.298 1 0.530 1 0.400 9
SegNet_2ConvLSTM 0.716 8 0.730 9 0.583 2 0.674 1 0.268 3 0.567 8 0.713 4
UNet_2ConvLSTM 0.759 2 0.859 6 0.774 3 0.745 8 0.526 7 0.772 4 0.796 9
®8 TELRMRBEFEPHRIA(FIES)
Tab. 8 Performance in 12 challenging scenarios ( F1 measurement)
Method curve shadow bright occlude dirty blur tunnel
SegNet 0.713 8 0.775 0 0.620 8 0.602 8 0.209 1 0.560 2 0.404 8
UNet 0.704 8 0.757 5 0.693 5 0.503 4 0.311 0 0.419 8 0.582 9
SegNet_Cat 0.722 1 0.736 7 0.689 2 0.632 3 0.142 7 0.536 1 0.642 3
UNet_Cat 0.711 1 0.746 8 0.723 4 0.547 2 0.297 5 0.653 4 0.499 2
SegNet_ConvLSTM 0.755 4 0.739 5 0.688 6 0.658 8 0.269 5 0.625 5 0.674 0
UNet_ConvLSTM 0.756 5 0.738 8 0.770 5 0.582 0 0.340 7 0.682 6 0.568 7
SegNet_3D 0.669 2 0.563 8 0.501 4 0.400 4 0.162 3 0.537 0 0.437 5
UNet_3D 0.674 3 0.556 6 0.602 1 0.385 1 0.298 0 0.601 8 0.316 7
SegNet_2ConvLSTM 0.8311 0.793 1 0.705 0 0.734 9 0.306 1 0.621 7 0.767 1
UNet_2ConvLSTM 0.807 2 0.742 8 0.834 1 0.580 7 0.314 3 0.726 4 0.607 6
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Tab. 9 UNet_2ConvLSTM performance in test set 1 under different parameter settings

H, Bk 3,5 3,4 3,3 3,2 2,5 2,4 2,3 2,2 1,5 1,4 1,3 1,2 0,1
R 12 9 6 3 8 6 4 2 4 3 2 1 0
Ace/ % 98.0 97.9 97.6 97.5 97.9 97.8 97.6 97.5 98.0 97.8 97.7 97.5 97.1

Precision/ % 85.6 85.0 83.4 81.7 85.6 84.9 83.4 81.6 85.6 84.9 83.4 81.6 80.1

Recall/ % 95.8 95.8 96.0 96.1 95.8 95.8 95.9 96.2 95.8 95.8 96.0 96.2 98.5
F1/ % 90.5 89.8 89.4 88.3 90.5 89.8 89.4 88.4 90.5 89.8 89.5 88.3 88.3
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