®10% EUH 2 B8 it E M5 M A
Vol.10 No.11

2020 &£ 11 A

Intelligent Computer and Applications Nov. 2020

XEHE; 2095-2163(2020)11-0061-05 hES %S . TP391

E T Unet BT S 2 57 2

BAEMG, MR, A, XS
(_Lifg TR AR R ISR TR, LI 201620)

MR SRS A

?i%i E, LA RERRIIA N ELLEAGE, EANAENERD XA KNS RIIB 2T %E42K, AL AE Unet M

iy kb b KA E TR IR & % MobileNetv2, i, VB 69 A kAR A2, FHFEMBLEMPHANT
SENet B SR BAFAEAE BT AR IGIRAF IR I ), FRAEREMN, Eik/‘ #) SEMobileNetv2 M %4 45 #5 2 5748 6 £
DEME LIRS T 1.6% ;485 T Unet M4 Bk E B R E 2 E LIRS T 1.8% , %98 T KL 5 o BB A 69 7 20k
K $#7 : Unet; MobileNetv2; SENet; K5 %I

Zebra Crossing Segmentation Based on Improved Unet

HUANG Shengpeng, LIU Hainan, ZHOU Keshuai, LIU Jianyu
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] The zebra crossings are important safety signs at road intersections, and accurate detection of zebra crossings can
effectively improve the safety of driving at intersections. Based on the Unet network, this paper replaces its backbone feature
extraction network with MobileNetv2 to reduce the parameters of the model and reduce the amount of model calculations. And the
SENet module is embedded in the network structure to weight the effective feature information and enhance the feature extraction
capability. The experimental results show that the improved SEMobileNetv2 network structure has a 1.6% increase in classification
accuracy compared with the original network. Compared with the Unet network, the improved model has a 1.8% increase in
segmentation accuracy. This verifies that the improved segmentation model is Effectiveness.
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Fig. 1 Unet network structure
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Fig. 2 Depth separable convolution
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Fig. 3 Reverse residual structure
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