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The semantic segmentation of driving regions on unstructured road

based on segnet architecture

ZHANG Kaihang, JI Jie s, JIANG Luo, ZHOU Xianlin
(College of Engineering and Technology, Southwest University,Chongqing 400715,P. R. China)

Abstract: To improve the autonomous vehicle’s ability to understand the scene of unstructured road driving
regions, a semantic segmentation method of unstructured road for autonomous vehicle based on SegNet
architecture is proposed. Deep convolutional encoder-decoder architecture is formed by traditional
convolutional neural networks, and it can learn the feature map of unstructured roads automatically. By
learning and training in the datasets, image semantic segmentation model can be acquired and used to
predict the feasible driving area of unstructured roads directly, which is important for autonomous vehicle’s
scene understanding. The proposed approach outperforms in precision and segmentation consequent, while
Dice coefficient reaches more than 80%.
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Fig. 1 The encoder-decoder network architecture
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Table 1 The configuration of network
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EUt) = 3x3/256 28X 24 X 256
BHZE 3x3/512 14X 12X 512
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Input F,

for k =1 to L do
Feo=Conv(F;)
F e =BatchNorm(F g )
Fre =RelLU(Fp)
Poolk =Pool (F k)
if # <L then
F,+1=Pooly
Else
return Poolk
end if

end for

Output
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Fig. 2 The encoder network algorithm
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Fig. 3 The decoder network algorithm
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Fig. 4 The results of preprocessed data
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Fig 5 The experimental results
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