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Research on semantic segmentation based on
attention mechanism and extended decoding

CAO Yufeng, GAO lJianling, CHEN Nan
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] With the rise of autonomous systems, technological innovation and increasing demand in production and life, real-time
computation is increasingly desirable. This paper introduces fast segmentation convolutional neural network (Fast-SCNN) , a real-
time semantic segmentation model on high resolution images data. Building on existing two—branch methods for fast segmentation,
the paper improves the original network decoder to the extended decoding, expands the receptive field, and effectively improves the
segmentation accuracy of the network model. Then the attention mechanism module of CBAM is introduced to reduce the attention to
redundant information, reduce the amount of calculation and improve the segmentation efficiency. The improved network obtains
MloU of 73.27% on Cityscapes data set, and ensures the inference speed of the network. The experimental results show that the
performance of the improved network is improved compared with the original network.
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Fig. 1 Fast—SCNN network structure
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Fig. 2 Structure diagram of extended decoding module
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Fig. 6 Overall network structure diagram after improvement
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Tab. 1 Experimental environment configuration

TR IR [N 25
CPU Intel 15-7500
WNTF 64 G
nFk GeForce RTX2080TI
CUDA CUDAL11.0

Pytorch 1.0.0

34 EWER
Y5k 0 (1,1,1) ((2,3,5) .(3,4,5)
HIP KIS TE Cityscapes U4 5 L HEAT 525, 10 E A
A4 5K TR AR R BRI 2R, SEER 2SR L3R 2,
F2 YKL XL

Tab. 2 Contrast experiment of extended decoding

Classes (1,1,1) (2,3,5) (3,4,5)
Road 97.54 97.31 98.41
Sidewalk 81.52 83.39 83.38
Building 90.38 90.89 90.77
Wall 52.70 53.53 52.53
Fence 52.14 53.91 51.91
Pole 45.78 52.77 44.45
Light 58.53 59.78 59.43
Sign 57.97 58.81 58.61
Vegetation 69.49 70.53 70.55
Terrain 91.30 91.19 91.20
Sky 93.61 94.33 94.59
Person 73.35 74.41 73.88
Rider 48.41 51.72 50.29
Car 92.72 93.31 93.26
Truck 64.29 65.65 64.67
Bus 74.81 76.34 72.49
Train 51.23 63.39 47.98
Motocycle 52.89 53.27 54.62
Bicycle 69.49 70.81 70.63
MloU 66.41 68.23 68.97
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Tab.3 A comparative experiment introducing attention mechanism

- PR E 5 4b
pidl}
] MioU /% il ms PA /% MPA /%
Fast—SCNN 60.78 19.91 94.03 69.13
EFast—SCNN 68.23 25.13 94.67 77.85
EFast—SCNN+
73.27 23.78 95.21 79.31
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Fig. 7 Visualization of results of the improved model on Cityscapes

datasets
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