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Lane Detection Algorithm Based on Improved Enet Network

LIU Bin and LIU Hong-zhe

Key Laboratory of Information Service Engineering, Beijing Union University,Beijing 100101, China

Abstract Aiming at the complex diversity of road scenes and lane lines in the actual driving environment,a lane-line detection al-
gorithm based on improved Enet network was proposed. Firstly,the Enet network is pruned and convolution optimized. The im-
proved Enet network is used to segment the lane-line image semantics and separate the lane lines from the image. Then.the DB-
SCAN algorithm is used to cluster the segmentation results to distinguish adjacent lane lines from each other. Finally, the lane line
clustering results are adaptively fitted to obtain the final lane line detection results. The proposed algorithm was trained and tested
in the CULane dataset of the Chinese University of Hong Kong. The accuracy of standard pavement detection is 96. 3% ,the ac-
curacy of comprehensive pavement detection is 78. 9% ,and the image frame processing speed is 71. 4{ps, which can meet the com-
plex road conditions and real-time requirements in actual driving environment. In addition, the proposed algorithm has been
trained and tested on Tucson’s future TuSimple dataset and our actual acquisition dataset .LD-Data,all of which have achieved real
time detection results.

Keywords Lane detection,Image semantics segmentation,Clustering, Adaptive fitting

FEE (75 40 2 Ao 0] 8 LA A5 B A e, R TR LA A

B0 % 8 2 T 2 A )y 15 o R T R T B L TR S

PR, A B MM Z R Z R, EASNSHE  FE . IFRE B X L T RSB A L i e e I, (R

L AE R IE G — 8 W AR E 2T A EE R BRI AEM TR AGE RIS T R AL U B
S, SEPRE M IR O R R A R AR AN L B 2 B E W BRI T SRS RSN TR

1 3l

i

FIHE H91:2019-05-06 3R HI.2019-11-06 A SCE A IFECR 2314 (OSID) 35 148 _E 07 Z 4ERS R RN 015 B

FETH  FE KA APHE RS (61871039,61802019,61906017) 5 3k 5T 111 Ja 25 45 125 7K V- FLIW P 5 30571 RIBT H (IDHT20170511) 5 L BT 1 4%
Bl FE 4 (4184088) s I HUK A K24 175 A AT H (BPHR2019AZ01) s L RUHTHZE W H (KM201911417001, KM201711417005) 5 [8 5B £ 32 5 3
355 H (2015 BAHS5F03) 5 1 il 5 3 e #odha B3 [ 4087 P 0 (CYXC1902)

This work was supported by the National Natural Science Foundation of China (61871039,61802019,61906017) , Supporting Plan for Cultivating
High Level Teachers in Colleges and Universities in Beijing (IDHT20170511) , Beijing Natural Science Foundation(4184088) , Premium Funding
Project for Academic Human Resources Development in Beijing Union University (BPHR2019AZ01) , Beijing Municipal Commission of Education
Project (KM201911417001,KM201711417005) , National Key Technology R&.D Program (2015BAH55F03) and Big Data Collaborative Innova-
tion Center for Intelligent Driving (CYXC1902).

EAEVEE X223 (livhongzhe@buu. edu. en)



X1 ML SR IR T kUt Enet W45 Y 42 18 2846 I 3

143

T LT RS L8 2 AR, TR 2R S By e kR
HORTE G o0 0 1 G 5 7, A8 A 22 00 2 A ) X R A
PSRN e, TR ) 5 B AR A FEAT bR 12 R ) S X — sk
PR 1R W] AR RE A TR0 09 B AR 64T 05 0 38 o 1 22 2
B AR 09 REAE AT RE A2 75 I ol B ARG ok . XX TR
F B O 1 22 TE 2 AG I 2 R R A AL . B Ah L X IR 2 ST
26 (1 I 45 A0 AR AL BIF 53, W R b 48 w8 T R B 2 T IO 4% Aub B AR
A S

HETAE G5 15 (14 L 1 2 AG I ) T 3 1 4 0 4 AR Cln
ks B T I BGA S0 R AR T 2 T LUK T L8 1Y i
Py RN WA EER G, DR FRERN T,
77 B T R AE O B R B G SR AR 2
Chang %M R F — A4~ Canny i1 2% K6 1l 3+ o $2& B %2 18 4k i
SRR — RO R R B G R R GO R
BT SCHERL2 5 A — i 13 35 R 19 8% %8R X 48R 42 JE
LRENL M. Benligiray 450 # ) —Fh 3 T POE T K W
AT 50 X 5 T AR HEAT R I . SOk [ 4 DR 3 T R
canny 3 ZAG I S R R AR e HEAT AL E KT . B TRRAE
B 7 9 R R 2 A7 0 AR R BER BT VS M H £ R 5 E B
b B R R X . 2) FEF AR Oy ikT S, 2y vk
BN T IE A R B B A AR LR 4 T 2 LA A
BB A S B IO T e E . b 7 ifE S8 %0
IR TC B S 5 N IE B R P SR O AT R Y AR S A . Li
R HYRRR S E U AR B RE 4%l 4R ROk R IE % TE
LR A 7 P Tan 4550 78 3% 00l 22 0058 3 A58 4 Y 4 14
o R et B O S 58T 1 (Improved River Flow, IRF) 5
&AL Al AE — BB % (Random Sample Consensus, RANSAC)
SR A Tl P TR 2. Li BT R A5 L B (Inverse Per-
spective Mapping , IPMD A B 4G I PR o ) B2k . Mu 45
W AR A R e 4 LR X I, SR ] Sober 2 32 HUIT
KNG IFR MBS LB B MY LRI L. F)
JH S T8 A J7 12 R A2 30 4 A M UTE TR R A R, A
T T A 0L 2 T k5 R T 1 9 R S (IR T R AR BIL Y )
U A 2 BCBE TR AR T8 e T DA 2K 1 1 e 1 R v
IR AR A5

TR B A 5T 11 1 2 A I ) AR B 4 I 45 5 K
FIRFIESR AR 7). SCIHRC9-10 148 thy — i Bk T 45 B4 28 W 2%
(Convolutional Neural Network, CNN) i) % 18 & #l £ 7% . Li
ZE0 g B CNN AT — 4~ 38 U3 # 4 ® 2% (Recurrent Neutral
Network, RNND S A6 I 4238 2 14 5, CNN 4 ik 42 38 2k 4544 (1
JUT {5 & RNN HHZAE BRI 42 T8 28 . He S0 32 1 4l JH 3L
Hi I 4 B 22 B 4% (Dual-View Convolutional Neutral Net-
work, DVCNNOHE B 3 47 ZE 3l Ze dar i) . K& F 50 3R W1, 4 71
il 22 00 25 1 g R AIE 42 B0 2% 0 03 28 4% L RE 0% 2 1 A% 4 AR I A
WA PERE . Bailo 557 48 Hy — Rl H2 B AN 824K X 35 1 7
LA IR R IE TR — 28 0 X380, IR S5 R T 3 RO 43 B I 4%
(Principal Component Analysis Network, PCANet)" F1 % fH
25 0 245 St 3 IX SRR AT 43 26 . Lee S50 H M —Fh 3L F K A1
185 89 £ 1T % M 2% (Vanishing Point Guided Network, VPG-
Net) R fif P 5 48 RASF T B9 408 28 15 T A 25 U0 Fl o3 2%

o) R, b3 PR B 2 2] 7 1 RE 0 v R 4 R4S 2 R AE L (H 2 o
T 25 TR EE B S  FRAE SR I SEF RN AL o Ak IR 2
AR 4208 2 o AE LA - 1 i A 2 — 2P U

HE TR 2 5 vk 1Y e T 2 AG T BB 5 3k 3 S I AG T Ay
K I BRI RGBTV B B ZORM B 5 (EUR TR TR 2R
DI AG I B PEAR 22 B AR IR th 4L aE 4R X X T 2T 3
Yo SR B Y B . TR 2 ST B R R AG Ty YR T AT
PRI BA R LS, BE B4R IR 2% B Ol H 1) 4 18 LR AR 5
{ELJE £ T 0 46 TR JEE ) 2R 2 000 R T B R L R S
AR IE HARTURY 4208 R AE AN P . BEXE T R (] A
SCHE N —Fh 5L T Enet W£% (19 4238 R K B vk . Gk
BV AR AP 1 T, T S A ) DA AR AT WD IR AL L AR
J 1 H A A B 00 255 25 15 i kAT AL B DLAR IR RRAE , 58
ik B gh Ak BRI AL PR B 0 23 3R e 3 4 A AU R 45 0% T 4
RTINS 420E 2 I 45 R AT R I Jm B G LA E 4L 2k
LR

B 1 BkmE
Fig. 1 Algorithm flowchart
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4 X Bottleneck 1. x
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Bottleneck 2. 3
Bottleneck 2. 4
Bottleneck 2.5
Bottleneck 2. 6
Bottleneck 2. 7
Bottleneck 2. 8

Downsampling

Diated 2
Asymmetric 5
Diated 2

Diated 2
Asymmetric 5
Diated 16

128 X64 X 64
128 X64X64
128X 64X 64
128 X64 X 64
128X 64 X 64
128X 64 X 64
128 X64 X 64
128 X64X64
128X64 X 64
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Fig.5 Segmentation result graph
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Fig. 6 Lane line clustering results
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3.1.1 CULane # # %
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28 ML 5 £k it
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Fig. 9 CULane annotation example

3.1.2 TuSimple # ¥ %

TuSimple Z48 42 2 R K L T8 B 32 3 Bk ok
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Fig. 10 TuSimple annotation example
3.1.3 LD-Data ## %
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F 2 LD-data S840 15

Table 2 LD-data dataset distribution
W HAKE B W HANE
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B AR A BRI R BN 11 TR R T AR B AR TR
1977 2 A T 45 2R I

El 11
Fig. 11

3.2 FEMiRE
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SERIN 0 2 25 bR ERR 1SS AE T AT A L R T B A TE AR i

LD-Data 5 {7
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A 00 42 3 2 T A 0 — 2 A6 00 b TR 4 7R A 7 2 A R R R
SR BB

Y W R A R S R S T 2N 4RI R R R
30px ML IIFH AN FELEM T 5H0NMHE H 2R ES
T BN E 4 L (TolD . #F ToU KT 34 B /9 B0,
DUV Sk o R U B T R, AR DL ToU K F kAR T
0.5 fE NI ARHE, ToU BB = (3) Fin

IOU:¥><100% (3)

3.3 IWiRE

RS2 FE Ubuntul6. 04 333% T 3 F Python3. 5, Tensor-
flow_gpu-1. 10. 0, L KK ¥ o6 2% Easydict-1. 6, Opencv_py-
thon-3. 4. 1. 15,Glog-0. 3. 1, Numpy-1. 13. 1, Matplotlib-2. 0. 2,
Scikit_learn-0. 19. 1 S€ i, P AL A I 2k 4 F1 56 IF 22 3% A Enet
P £ 15 22 SCRGHE Y Enet B4 gt AT I SRR UE . 2 IR S0k
(200 SCNN BLARY , fift A7 b6 B2 T W vk Il R A A0, 2 4018
B AL /N 12, He Rl 2 2] R 0. 01,4 2 F it 0. 9,4
ERIEN 0.000 1, ALK E B E R 60000,

3.4 EWELSR

1 CULane, TuSimple, LD-Data ¥4 £ LI, 4> %1 % Enet
W24 46 J5 19 C-Enet [ 45 A 9™ 5 4 BT HE X Bk 46 ALY
CR-Enet #E47 5286, H 5 H Al 3 A 8dE 58 L3R |1y 7 ik
SCNN #H77 Hh 8, % 3— 3% 5 4513 T JLM A %k 7E CU-
Lane, TuSimple, LD-Data $#5 45 & #2545 B XF 1L,

R 3 P SE R A ST LUA H, Enet 9 46 14 571 $2 I fg
3RO I 2% 5 ME T 2R T SCNN W 4% 5 Enet 2848 JE 46 DL 5
193] C-Enet, 25 7 4 15 2% b 8 2 8 52 45 B R0 45 2R 1 e
B BT R B H SR 6T SCNN; C-Enet F 93K 5 BURIE
X R A5 AU e 35 45 M A BB AR S 15 3 19 CR-Enet, £

TR PERE . FE4E M C-Enet P45 i 8 5% 2 BT LLF [, )2
PR 25 4 3 43 B 0 A5 L2 )5 L e AE SR TIUAY B8 90 A BT 1 B L (H i

TR EE SRR A B R — 2 BI04 K i
TR I AR L T ER TR — S R RS B s B
B4, CR-Enet M4 2 Br LRI T LA PERE , 2R
PR S B 4 4 AR 3 5 T AR AR SR A BE T L SR I B AR R T
FRAESR I 252 0 A 4R IO AR AR (5 B B . B,
CR-Enet i T [ 46 25 ¥ 85 vk L O R d Al . L AR 22 ] 580
DA R BT 238 2 1 Al 25 1) A Ji T b B0 R 1IE 5 S £ TCRE ) A
55 RIS R B R A RIROR .

# 3 CULane AR5 T 4200 2 AG M0 B9 i i 2 L%

Table 3 Accuracy comparison of lane line detection in different scenes of CULane
CHRA 20
VS A EiE e EE R KA % LIRS Ok F B Bt
SCNNE20] 90. 6 69.7 66.1 43.4 66.9 84.1 58.5 64.4 53.2 71.6
Enet 92.1 70.8 71.4 56.3 69.7 85.0 63.5 74.6 59.1 74.2
C-Enet 91.4 69.5 70.3 54.5 68.3 84.6 62.3 72.5 62.7 73.1
CR-Enet 96.3 76.9 66.3 45.7 74.6 87.3 58.1 78.1 63.5 78.9

Fi T TuSimple $f 4 32 22 sl A B 3 56, R L S0 56 0
T EE W B AT A0 40, 3 B R ORH AR I B0 o A R R AT LR
ST, B 4 TTLLEF],CR-Enet M % 22 9 £ 4 ; SCNN H F

P 2 25 A U L I R AT 90 28 B A TE =X, BB DL RR A 2 B BB
Bum, WIS T N85 1030 R 5 Enet W 4% & C-Enet W %% 7
TuSimple 545 1 7 28 B AR 2 A4 L 300 B 63X Fl i — 37
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SOTEREA B R % £ 19 LT . Enet 19 W 2% GE % 05 47 4 2
ST, B e 4G T PR3 B 0 FORS BE
4 TuSimple 22 8 2R 1) 1 Wi 5 36 LL 4%

Table 4 Accuracy comparison of TuSimple lane line detection

VS /N

SCNN 96.53
Enet 95. 74
C-Enet 93.22
CR-Enet 97.35

A SCHE LD-Data 405 48 3 50400 4 S B3 5K B O A
LEINU SRl SN TN AN RN L L VU L [ RL A (2 s

TEBY B AN Bl 8 47 R0 43, ARG B0 T B0HE 52 04 80 Y0 AR Sy
RUGUESE A A A U 2, B A 20 %6 1 K 4E . LD-Data
B BT AN TR B 3 v 11 2 G I o B R AR AN R 5 R
A LI LB T . CR-Enet 76 Hifth 8 Fh i ol F 2 BUiS 1 4%
TR R . BCIRD A TR T 2R A I, ol T T DL R TR 2 R AT Ok
MO SRR LAY RS, FELRE % T 1
Ml SR ME . SCNN o CR-Enet 248 3 , fig B 4 Hb 1& B
XA Z T E T RS . CR-Enet M EEMZ LM
Pedk il Z 3k 3] T 5 SCNN [’ 4% AH VC Bt /Y BFAE 2 > fiE 1.
W, TR ] 4638 28 K6 W | . CR-Enet [ 4% 4 16 0 25 52 74 55 T
SCNN [l 25 5 A —F I %A 7 A R R 25,

# 5 LD-Data 4218 26 A i A9 i 56 L5

Table 5 Accuracy comparison of LD-Data lane line detection
(AT %)
VRS k7 #F Bt R Bt E % kil ER W HH Bt
SCNN 81.5 80.7 71.2 69.1 45.3 62.1 56.1 69.3 88.1 73.3
Enet 88.1 87.6 76.5 75.1 51.9 67.8 61.2 66.0 93.6 78.4
C-Enet 86.4 83.1 75.3 72.9 49.1 65.3 58.7 63.5 91.2 76.2
CR-Enet 91.5 89.2 78.4 77.6 54.6 71.2 63.7 68. 1 96. 4 81.5

SCNN, Enet, C-Enet £ CR-Enet #5576 1 58 5 i 1 4% in
%6 FTAl. TILUE L4 RO A A T R R AR K 3 1 15X
A IS, B 5, SCNN B W 45 254 5 52 2%, I 8 ¢
KT LA B B 48 . Enet B 45 A% B & — Fiis & b B9 ) 45 45
4, P9 4 B A B B T SCNIN [ 2%, C-Enet P28 J27E Enet
FEAl FUEAT BT R ERAE L D A T B BE BT Enet M4, 1fii CR-
Enet W45 & 78 C-Enet M 45 F Ak 134 n T 4k % 5k 6 AU,
AT LA 3K AIGG2 5 i M S 400, IR I 4R 1 R AE SR BRE ) B ok

-3

-4

RE

CR-Enet M 282 B T e 4 1 18 2 1V BE
F 6 A5 I LA ARG I BE YLLK

Table 6 Comparison of detection speed of various network models

RS S /ms # & /Ips
SCNN 42 23.8

Enet 19 52.6
C-Enet 16 62.5
CR-Enet 14 71.4

FaB LRI S R WA 12 PR .

B 12 B NECRE

Fig. 12

HRIE AR W AT O Enet B 2% B4 4 T8 26 A6 T
SEE L REAE I T S Pn 25 BB B v A2 2 B 00 D S I Y R R
SCHRR AR HE Enet 19 454 18 i 45 b 19 4230 22 20 1 i oL 1
1 DBSCAN 2R 51 1 % 40 1 45 S HEAT IR A A4 4 T 4k X
RTER . R JE I LR R UL A B 3 0 O (] AR Y 4 2t
AT BN LG LIRS SN A Y 4l e A A5 2R . ROk
TE TIN5 00 264 157 AiF 27 ) FAE A% 24 ) Jr T EAT DRI . o ) 4% 46
ik 2 ] BT LA o ok R A8 64 TR BE 7 8z % B N R Ak ) T IR
Dl 3 32 F 2 >0 T LU B0R) T B A 2 30 28 56 B 1 T8 2% 27 > B3

Lane line detection effect map

AR LASE BURE AN A A R AR 00 25 B SR TR B AL 2 A

2 % X #f
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