o W & # R F 465 10 M
ELECTRONIC MEASUREMENT TECHNOLOGY 2023 4F 5 H

DOI:10. 19651 /j. cnki. emt. 2211039

FEZ KN E) PSPNet SR X

k2% BEK % §
(B amKkFEEFIESER % 710065)

B OE: AL T R BE S B ST ST I — UEE BRI, T SE R R R A R A T 2 o S HE A S A
RE I AR 1L . g AR SCHR M — Pl e 5935 15 55 J AT 465 B RACE ST 7 S R A5 A B R b A T A I 4% PSP Net,
1% 1] MobileNet v2 2 8 20 N & /E R dmtid s 9 T W 4%, 0 TREME NIt EERERSHE; MEDRMNT =R
BRI EA R JE B SR ARG . 3758 T AR RURZ B, W R E TR AR AL s B F FOE D B AR A A R T AL
BEAE . A3 Caltech 38 2Bl 48 47 WX, 236 25 2R 0 7R, BCHE J5 19 PSP Net 5 1% X AN [] 28 24 #Y % 3 25 4
BRI 5 RIGEA . 5 PSPNet 51k A HORS BE AIZEHF Lo 4» B4R T T 3. 9106 .4. 1406, H FPS 3 28 Wi/s . A SCRH BL 153
TN J3E 0 PR B0 T AR X Bk

K EEI : PSPNet; i 41 ; MobileNet v2 P46 ; 23 £ 8 H & ML L&

HhESHES: TP39L. 41 XEARIRSE: A EREEFHSERB: 510.4050

Improved PSPNet algorithm for lane detection

Huo Aiqing Feng Ruoshui Li Yi
(College of Electronic Engineering, Xi'an Shiyou Universty,Xi'an 710065, China)

Abstract: Lane detection is a significant research subject in the field of intelligent driving. However, there will always
be inaccurate lane segmentation and insufficient real-time processing capabilities in practical applications. Accordingly,
an improved algorithm based on the Pyramid Scene Parsing Network is proposed. A main network PSPNet is built on a
basis of the encoding structure, and the encoder backbone network is replaced by the lightweight MobileNet v2
network, which effectively cut down the parameter amount and computational complexity of the whole network. Hole
convolution is added into the network and feature fusion is realized between different layers, which expands the model
receptive field and enriches local feature information. Finally, an adaptive line fitting algorithm is used to fit different
lane lines in order to obtain the final prediction result. The Caltech lane data set is come into use for testing. The
experimental results show that the improved algorithm has better segmentation for different types of lane lines.
Compared with the original algorithm, the Pixel Accuracy and the Intersection over Union is improved by 3.91%,
4.14%, and FPS up to 28 frames per second. The segmentation accuracy and inference speed of the proposed
algorithm are superior to other comparison algorithms.
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