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Real-Time Semantic Segmentation Network Based on
Regional Self-Attention

Bao Hailong, Wan Min", Liu Zhongxiang, Qin Mian, Cui Haoyu

School of Mechatronic Engineering, Southwest Petroleum University, Chengdu, Sichuan 610500, China

Abstract High accuracy results of semantic segmentation often rely on rich spatial semantic information and
detailed information, but both incurring high computational costs. In order to solve this problem, we propose a real-
time semantic segmentation network based on regional self-attention by observing the similarity of local pixels in the
image. The network can calculate the regional correlation of feature information and channel attention information
through a regional self-attention module and a local interactive channel attention module. Then, it obtains rich
attention information with less calculation. The experimental results on the Cityscapes dataset show that the
segmentation accuracy and speed of the network are higher than the existing real-time segmentation network.
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Fig. 4 Structure of our network. (a) Network structure; (b) feature fusion module; (¢) auxiliary loss classifier
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Table 1 Comparison experiment of the zoom ratio
Serial number Network MloU /% FPS /frame
1 (1,1,1,D 71.9 10
2 (4,2,2,1) 71.7 109
3 4,4,2,1) 71.7 120
4 (8,4,2,1) 71.6 133
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Table 2 Results of the ablation experiments

Network MIoU /% FPS /frame
Original network 68. 4 158
RSA 71.7 120
RSA+LCIA 72.3 115
RSA+CBAM 72.5 80
RSA+ SENet 72.1 102
RSA+LCIA + Booster 73.1 115
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Table 3 Comparison experiment of the down-sampling

method
Network MIoU /% FPS /frame
AvgPool 70.5 126
MaxPool 70. 4 132
RSA 71.7 120
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Table 4 Experimental results of different networks

Network Pretrain MIoU /% FPS /frame
ENet no 58.3 76
ESPNet no 60. 3 112
ERFNet no 68.0 41.7
ICNet PSPNet50 69.5 30
DABNet no 70.1 104
DFANet” Xception A 70.3 -
DFANet Xception A 71.3 100
Ours ResNet-18 72.1/71.8 115/126

S B O M JRE BLAS I 4 4 ) A L 3o BB 3
FI 2RI X AT A LA AR B, [R5 ERFNet B
FraT AL XS L S5 518 5 s . W LU A ) 4%
A Jay ¥ DX gk HRAS: BN 40 9 20 0 ROR L X T 4
PR AT AT T A AL o AR B S R P R 2R
AN — I A A — B bl

0810018-5



Rt

$£58%5 £ 8HI/2021 £4 A/BAEREFFHE

€ 5 Cityscapes 45 H B TTAALER . () JBURER s (b) FLSLHY r HI 4528 s (O AR ML 73 BI45 5L 5 (D ERFNet By 4 #1458

Fig. 5 Visualization results of the Cityscapes dataset. (a) Original image; (b) real segmentation result; (c) segmentation

result of our network; (d) segmentation result of the ERFNet
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