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Real-time lane detection method based on
semantic segmentation

Zhang Chong, Huang Yingping’, Guo Zhiyang, Yang Jingyi

School of Optical-Electronic and Computer Engineering, University of Shanghai for Science and Technology, Shanghai
200093, China

Abstract: Lane line recognition is an important task of automatic driving environment perception. In recent years,
the deep learning method based on convolutional neural network has achieved good results in target detection and
scene segmentation. Based on the idea of semantic segmentation, this paper designs a lightweight Lane
segmentation network based on encoding and decoding structure. Aiming at the problem of large amount of
computation of convolution neural network, the deep separable convolution is introduced to replace the ordinary
convolution to reduce the amount of convolution computation. Moreover, a more efficient convolution structure of
laneconv and lanedeconv is proposed to further improve the computational efficiency. Secondly, in order to obtain
better lane line feature representation ability, in the coding stage, a dual attention mechanism module (CBAM)
connecting spatial attention and channel attention in series is introduced to improve the accuracy of lane line
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segmentation. A large number of experiments are carried out on tusimple lane line data set. The results show that
this method can significantly improve the lane line segmentation speed, and has a good segmentation effect and
robustness under various conditions. Compared with the existing lane line segmentation models, the proposed

method is similar or even better in segmentation accuracy, but significantly improved in speed.

Keywords: lane detection; semantic segmentation; convolutional neural networks; automatic driving
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Fig. 1 Framework of the method
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Table 1 Comparison of parameters and computations

Name Parameters Computations
3*3 Conv 9C? 9HWC?
LaneConv 3c 9HWC’I8
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(a) &AmA CBAM; (b) /uxT7 CBAM
Fig. 9 Comparison of effects before and after adding CBAM.
(a) Not joined CBAM; (b) Joined CBAM

=
1=

B 10 ALTiEaRE R T AR LER

Fig. 10 Visual results generated by our method on some of typical scenarios
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Table 2 Comparison results with other methods on tusimple dataset

Jrik: Accl(%) FP/(%) FN/(%) Speed/(fis) mloU/(%)
PointLaneNet 96.34 467 5.18 71.0 N/A

FEF A Y I i
PolyLaneNet 93.36 9.42 9.33 115.0 N/A
SCNN 96.53 6.17 1.80 7.5 57.37
VGG-LaneNet 94.03 10.2 11.0 17 41.34
LaneNet 94.42 9.0 9.0 62.5 56.59

BT ER ik
Method 1 94.34 9.1 8.4 102.4 56.08
Method 2 95.70 8.3 4.31 58.6 65.22
Method 3 95.64 8.5 4.45 98.7 64.46

W BPRHNATRHIEIE ORI TEER T H, Method TIIA T#B1 AREFEEH{HA I ACBAM, Method 2/ FH¥- il ARE5 I (EINA

TCBAM, Method 3[FEHFHILA T CBAMAIH S| A FIZEH

TASCRES ARG B R N b o B oR . e
R, BT RN A 4 T8 LR O ik Tk
mloUX —F8¥Fr KV FAd . 74, BT Adce, FP 1 FN X
AP FEBR T O TS AR B, AR SCAUHE T A
) =G, XGRS E ST AT RE s
FAE W24 . i PointLaneNet 1 L) B #5245 8| 416 £k 14
A AR, TEIN34E Tusimple B08E £ K PEAE 7, W
AR SCT5 V5 AE VP Al 48 bR L % 25T PointLaneNet. 1]
SCNN i ] TR A 2 iy js ab 3, PRI PPAf Fa 4 i
INOLFEAE R F 2R 22 . SRMIAE 2 B 28 X5 L,
mIoURE M T U S 1wy A5 AU 2 75 e 6% 4% 1) oK 2 1
g rEl k. NFE 2 B mIoUXS Fb Y, AR SO i
WIS, RN T CBAM BEAS BT 47 Hb #2554
HEAGZRBINRE R . BLAh, AT TR ARG
LE A R B R R I S B AN, G A LR R A B Y S
ARSI T IHRRSESS, A5 5R a4 2 AR E 2 FiR.
A SO 3 B g R R, BratRasthnimA s
X o EIRE A — B R RREAR, HR SIS A W]
ETAIUE7 51

TR T, A SCHY ML AT LIS E] 98.7 fs fil
B, BB SE MU B AL E UM 55, W SO0 T At
FEF oy BN B LR B L%, (H IR b L A (1)
BBEZAR B R Ry 338 X 2835 2 LA Y 2%
B, M HA SR AT 2R R AT IRIE, 1 n
TR, SRR, A SO SR ARG DN RS ek i
Jr R T LR B

5 B %

AR T —Fh R s RIS Rk,
i i AR D AR S5 R L R A R AL A, 4G
A CBAM B0 T 2 I M4 s B SAE B . oK
B3R W], CBAM BEGEHE T 531 4015 R HE 5 ) 2% 11y
SR F BRARAR T, IS T B ARE rHhe
Ak, ARSCE T T AL & FL45H LaneConv Al
LaneDeconv Jf-5| A T TR B AT 73 25 45 FUR FEARB AL
HE A, RS T . 7F Tusimple $0#s 4 1 it
e | AE RS, S5, 5HAM AL,
AR SCHIRERI AT ZR A R34
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Real-time lane detection method based on
semantic segmentation

Zhang Chong, Huang Yingping’, Guo Zhiyang, Yang Jingyi
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Framework of the method

Overview: In recent years, the rapid development of neural network has greatly improved the efficiency of lane
detection. However, convolutional neural network has become a new problem restricting the development of lane
detection because of its large amount of calculation and high hardware requirements. Lane detection methods based on
deep learning can be divided into two categories: detection based methods and segmentation based methods. The
method based on detection has the advantages of high speed and strong ability to deal with straight lane. However, when
the environment is complex and there are many curves, the detection effect is obviously not as good as the segmentation
based method. This paper adopts the segmentation based method, and considers that the performance of lane detection
can be improved by establishing global context correlation and enhancing the effective expression of important Lane
feature channels. Attention mechanism is a model that can significantly improve network performance. It imitates the
human visual processing mechanism, strengthens the attention to important information, so as to reasonably allocate
network resources and improve the detection efficiency and accuracy of the network. Therefore, this paper uses the
CBAM model. In this model, channel attention and spatial attention are serial to obtain better feature representation
ability. Spatial attention learns the positional relationship between lane line pixels, and channel attention learns the
importance of different channel features. In addition, in order to solve the problem of complex convolution calculation
and slow running speed based on segmentation model, a more efficient convolution structure is proposed to improve
the computational efficiency. A new fast down sampling module laneconv and a new fast up sampling module laneconv
are introduced, and the depth separable convolution is introduced to further reduce the amount of calculation. They are
located in the coding part of the network. The decoding part outputs the binary segmentation result. Then, the results
are clustered by DBSCAN to obtain the lane line. After clustering, compared with the complex post-processing in other
literature, this paper only uses simple cubic fitting to fit the lane line, which further improves the speed. Therefore, the
running speed of the model proposed in this paper is better than most segmentation based methods. Finally, a large
number of experiments are carried out on tusimple Lane database. The results show that the method has good
robustness under various road conditions, especially in the case of occlusion. Compared with the existing models, it has
comprehensive advantages in detection accuracy and speed.
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