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Real-time Image Semantic Segmentation Algorithm Based on Hybrid Attention

WANG Yan,XIA Chuangshuai, WANG Na and NAN Peiqi

School of Computer and Communication, Lanzhou University of Technology,Lanzhou 730050, China
Abstract The existing semantic segmentation algorithms are difficult to deploy on mobile devices due to the complex model and
a large amount of computation. A new semantic segmentation algorithm based on hybrid attention is proposed. This algorithm is
an asymmetric encoder-decoder structure. The encoder part combines depth-wise separable convolution anddilated convolution to
design an efficient residual module to extract image features at different levels of the network. It pays more attention to spatial
position information in the shallow layer and enhances semantic information extraction in the deep layer. In the decoder part,a hy-
brid attention feature fusion module is designed,which uses spatial attention to strengthen the spatial location information in the
shallow layer and channel attention to enhance the expression ability of key information in the deep feature map. It can effectively
integrate the spatial information and context information in the feature map of different levels,strengthen the expression of se-
mantic information,and reduce the loss of image information in the fusion process. Finally, the segmentation results are predicted
by using the classifier. A large number of experiments show that the proposed algorithm achieves 93. 2% PA and 73. 2% mloU in
Cityscapes, respectively,and achieves 38FPS with 1. 62X 10° reference on Tesla V100 GPU. In Pascal VOC 2012 data set,PA and
mloU reaches 92.4 % and 74. 8% respectively. Experimental results show that this algorithm can effectively and quickly complete
the task of city scene image segmentation.

Keywords Deep learning,Semantic segmentation, Real-time, Feature fusion, Attention mechanism
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Fig. 1 Structure of the proposed algorithm
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Fig.5 Different algorithms segmentation results on Cityscapes datasets
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Table 1 Experimental results of different algorithms on Cityscapes dataset
Type Method Pre-trained Backbone Params Speed/FPS GFLOPs mloU/ % PA/%
non-real PSPNet Y ResNet-101 250, 8108 0.78 412. 20 74.00 94.20
time DeepLab v3 Y ResNet-50 38106 0.56 84. 30 73.40 95.50
SegNet Y VGG-16 29.5%108 13.00 286.00 56. 20 89. 32
ENet N - 0.36x108 53. 60 3. 80 61.10 90.73
BiSeNet vl Y Xception-39 5.8X106 34. 40 14.80 62.30 91. 50
real time ICNet N PSPNet50 7.8X 105‘ 30. 30 28.30 69.50 92.50
LEDNet N - 0.94 X105 32.00 11.50 70.00 92.10
Fast-SCNN N - 1.11x108 43.00 - 72,14 93.00
FPANet-A N ResNet-18 14. 11X 108 69.21 30.70 72.00 92. 80
Ours N - 1.62>10° 38.00 11.34 73.20 93. 20
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Fig. 6 Segmentation results of different algorithms on VOC dataset
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Table 2 Experimental results of different algorithms on VOC dataset

Method Backbone Pre-trained mloU/ % PA/%
DeepLabv3 ResNet-50 Y 73.7 92.1
PSPNet ResNet-101 Y 74.5 91.3
ICNet PSPNet50 N 69.5 90. 7
BiSeNetvl Xception39 Y 67.3 90. 0
Ours — N 74.8 92.4
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Table 3 Comparative experiment results of different cavity ratio

combination

o4 %R A mloU/ %
1 1,3,6,12,3,6,12,34 72.1
2 1,2,5,9,2,5,9,17 72.7
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Table 4 Experimental results of combination of different attention

mechanisms
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