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[ Abstract] Aiming at the problems of information loss on small target, long training time, and coarse target boundary
segmentation, this paper proposes an image semantic segmentation network named DCF-DeepLab ( Double Cross—attention Fusion
DeepLab) based on double cross—attention fusion. In our method, a feature fusion module based on attention mechanism is designed
which is used to fuse shallow features to compensate for the lack of deep features on 2, 4, and 8—fold down-sampled feature maps,
respectively. Besides, the lightweight network MobileNetV3 —Large is introduced as the backbone for feature extraction, which
reduces the model inference time. The multiple attention modules and tandem structures are embedded in the ASPP module to
enhanced network detail feature extraction. The experimental results on the PASCAL VOC 2012 dataset show that the designed
model can effectively improve the image semantic segmentation performance and has application potential.
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Fig. 1 Overall structure of DeepLabv3
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Tab. 1 Structure of MobileNetV3_Large network
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Fig. 2 Structure of SENet module
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CBAM ( Convolutional Block Attention Module ) #
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Fig. 3 Structure of CBAM module
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Fig. 4 Structure of channel attention module
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Fig. 5 Structure of spatial attention module
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Fig. 6 Structure of DAFM module
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Fig. 7 Structure of MA—ASPP module
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Fig. 8 Overall network structure of DCF-DeepLab
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Tab. 2 Experimental environment configuration
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Tab. 3 Effect of attentional mechanism on model performance
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Tab. 4 Effect of different modules on model performance
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Tab. 5 Effect of different feature scales on model performance
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v v x x 75.3
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Tab. 6 Comparison of detection performance on different
categories
MIoU / %
2
DeepLabv3 DCF-DeepLab
Background 92.4 92.7
Areoplane 84.9 84.6
Bicycle 45.7 48.5
Bird 80.8 81.2
Boat 66.5 65.3
Bottle 64.2 67.8
Bus 86.5 86.8
Car 79.4 80.2
Cat 81.3 82.2
Chair 28.1 29.0
Cow 81.8 82.2
Diningtable 58.4 58
Dog 71.8 73.6
Horse 76.1 76.8
Motorbike 78.6 78.8
Person 79.8 80.2
Potted plan 53.6 55.3
Sheep 78.2 78.3
Sofa 35.8 38.7
train 82.4 82.8
Tv/monitor 57.5 59.2
MloU / % 69.7 70.6
RT FEIMEEBNIKLERITLE
Tab. 7 Test results of different network models
- J— MloU/  ZHit/ %ﬁé’fﬁﬁﬂ
% MB M TE]/s
Fen VGGNet 62.2 125.5 0.153
Unet VGGNet 69.8 153.6 0.199
U2net ResNet50 71.2 162.5 0.174
Lraspp ResNet50 72.2 52.6 0.134
DeepLabv3 ResNet50 74.3 198.6 0.186

DCF-DeepLab MobileNetV3_Large ~ 75.8 48.9 0.123
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Fig. 9 Visualizations of several prediction results
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