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[ Abstract] At present, driverless vehicles mainly rely on vision technology to complete the vehicle environment perception. In the
field of road recognition, the task of vision technology is to accurately identify the drivable area of the road. In order to enhance the
discrimination ability of driverless vehicles in unstructured road for scene area, based on SegNet, ENet and UNet, this paper
proposes a segmentation model for unstructured road image segmentation by adjusting and modifying the model network or
parameters. By shooting and making label data sets, and taking different evaluation indexes for analysis, the best road region
segmentation model is obtained to predict the driving area of unstructured road. Experimental results show that compared with the
traditional region growing model of unstructured road segmentation, the segmentation accuracy of the proposed model is significantly
improved.
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Fig. 1 SegNet network architecture
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Tab. 1 SegNet network configuration
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Tab. 2 ENet network configuration
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Fig. 2 Bottleneck module
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Fig. 3 UNet network architecture

2 ZBHERKRSH

2.1 HiRE&

AT LSRR R , A2 46 KITTI, CityScapes |
DeepDrive , ApolloScape , Oxford robocar I CamVid
8 HAGER T A 3h 28 By 4wl REAE H s AT Y
P, 0 Tt BAEAR G M AL AR BRI R T AT AL
RAI I AR e, AT B s B A7 e B 0 A 22 1
M ASCHIAE TR AR R EE R

ELE M IE B IR IR Z F0E , e Ny g e 1
B K Ue#E SRS S T RS 3 B AR HA T A
FPERE , 38 SRR I AT T L6 2 R0 s 5 B4
Page , ZBdR&EIEA 3 000 5K &, 37 H labelme
XS AT TS AR TE . BB AR TE R AN 4 Firs 5
— IR RAER R, A TR WA UE L B% KPR
file A B TR TSI A B A5 A A I3 B IR S 2R
PR GBI (e RS, B OO T 5 X, 20
SR IE BR DX 5 AR AR MR

B4 REEK
Fig. 4 Annotated images
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Fig. 6 Segmentation results of different models
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Tab. 3 Data set performance results

Model  Accuracy( MPA) MioU
1 SegNet 97.25 94.57
2 ENet 96.99 94.13
3 UNet 97.53 95.11
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