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Global Bilateral Segmentation Network for Segmantic Segmentation
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Abstract The task of semantic segmentation is to predict the objects according to the category at the pixel level. The difficulty
lies in retaining enough spatial information and obtaining enough context information. In order to solve this problem, this paper
proposes a global bilateral network semantic segmentation algorithm. In this algorithm,the large-scale convolution kernel is inte-
grated into the BiSeNet Network, and the global path branches are added to the original spatial path and context path of the
BiSeNet Network,so that the network can capture more context information. At the same time, the global pooling module in the
attention optimization module and feature fusion module is replaced by the global convolution module to further improve the net-
work acquisition. The experimental results show that the algorithm improves the MloU index by 0. 84 % on Cityscaps dataset,and
achieves better performance than BiSeNet Network.

Keywords Semantic segmentation, Bilateral segmentation network,Global convolutional network
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Fig. 1 Network architecture
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Table 1 Result on Cityscape dataset

Model/Version
Intel(R) Xeon(R) Gold 6150
NVIDIA TITAN Xp(12GB)

Hardware/Software Name

Processors

Graphics cards

Ubuntu System 16. 04
CUDA 10.1
Python 3.6.3
PyTorch 1.0.1
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Table 2 Comparison of BiseNet algorithm with our algorithm on

Cityscape dataset

Method Mean IoU/ %
DeeplLabV3 72.33
PSPNet 74.53
DeepLabV3+ 76. 64
BiSeNet 77. 44
Ours 78.28
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Table 3 GCN branch added results

Mean IoU/ %

Method
val test
BiSeNet 77. 44 77.12
BiSeNet+GCN 2 % 77.93 77.71
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Table 4 Replace global average pooling in ARM module with global

convolution network

Mean IoU/ %
Method

val test
BiSeNet+GCN 4 % 77.93 77.71
BiSeNet+GCN 4 % + ARM(GCN) 78.07 77.87
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Table 5 Replace global average pooling in FFM module with global

convolution network

Mean IoU/ %

Method
val test
BiSeNet+GCN 4 % +ARM(GCN) 78.07 77.87
BiSeNet+GCN 4 % +ARM(GCN) +FFM(GCN) 78.28 78.03
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