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Double-residual semantic segmentation network
and traffic scenic application

TAN Ruijun, ZHAO Zhicheng, XIE Xinlin
(School of Electronic Information Engineering, Taiyuan University of Science and Technology, Taiyuan 030024, China)

Abstract: An image semantic segmentation network based on the double-residual network, named DRsenet, is pro-
posed to address the depth problem of feature extraction network in semantic image segmentation and resolution reduc-
tion of feature maps by a down-sampling pooling layer. Firstly, a double-residual network is proposed to extract the de-
tailed features of each target in the training set and improve the perception ability of the network for some detailed tar-
gets. Secondly, the jump feature fusion starts from Layer 1, and the up-sampling operation is continued by the 2xdecon-
volution method to fuse the low-level and the high-level features to reduce the impact of partial detail information loss
on the segmentation accuracy. Finally, the network branch training method is adopted to train the outline features of
each target on the image, followed by training the detailed features of each target. The results indicate that the network’s
Pyou improves from 49.72% to 59.44% on CamVid and from 44.35% to 47.77% on Cityscapes when compared to the
full convolution network. The network can produce image segmentation results with higher accuracy and more com-
plete edge segmentation.

Keywords: double-residual network; detail feature extraction; jump feature fusion; up sampling; network branch train-
ing; semantic image segmentation; CamVid data set; Cityscapes data set
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! ACC MIoU MPA #3 FEBIKASIER AT CamVid Mk & 45 R 3t b
FCN 54.25 49.72 84.65 Table 3 Comparison of the results of different jump
Resnet-34 57.63 53.91 85.99 features fusion in the CamVid test set %
DResnet-34 61.93 59.44 88.28 R £ A5 R Pacc Priou Pypa
JE FCN W 2% . 4[R]3 BF DResnet % 2% (9 ) 3 DResnet-32S 60.00 56.74 86.71
EIGER BRI E2 R, ATUESR, FBE DResnet-16S 60.54 58.32 87.28
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Table 2 Comparison of the results of different depths

of DResnet in the CamVid test set %
B Pacc Priou Pyipa
FCN 54.25 49.72 84.65
DResnet-18 61.48 57.68 87.74
DResnet-34 61.93 59.44 88.28
DResnet-50 62.33 59.09 88.09
DResnet-101 62.37 59.41 88.16

B ER AR AR il A5 D0 4% Sy o A HCA R Y R

FEMI 45, 7E DResnet-34 [N 284 A SR AE H2 B 2% 19

3 T LA, (UG Layers JZ U RRE
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Table 4 Accuracy of each category of different networks in the CamVid test set %

251 FCN DResnet 18 DResnet 34 DResnet_50 DResnet_101
Background 58.35 65.20 69.04 62.26 64.88
Sky 91.34 93.24 93.25 93.12 93.22
Building 84.12 85.92 88.01 87.79 86.83
Pole 11.41 33.86 35.13 35.16 32.36
Road 94.38 95.13 95.66 94.00 94.93
Sidewalk 75.45 80.28 80.40 81.58 82.45
Tree 70.49 73.03 72.84 73.35 72.20
SignSymbol 10.47 13.21 13.08 14.86 15.68
Fence 16.61 21.63 23.11 22.15 22.24
Car 72.05 73.24 79.98 78.91 80.83
Pedestrian 22.38 41.48 43.56 42.40 40.47
Bicyclist 14.41 23.92 23.50 22.92 24.37
Pyiou 49.72 57.68 59.44 59.09 59.41
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Table 5 Comparison of the results of different jump
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Fig. 4 Cityscapes test set partial image prediction results
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