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Abstract

As one of the research hotspots in the field of computer vision, semantic segmentation has been
widely applied in various fields such as geographic information systems, medical image analysis
and robotics. However, contemporary semantic segmentation tasks generally face two challenges,
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namely intra-class inconsistency problem and inter-class indistinction problem. To this end, we
solve the semantic segmentation by proposing Dual Attention based Feature Enhanced Networks.
In this method, the position attention module and channel attention module are used to obtain
rich spatial and context information, and the pyramid pooling module is added at the end of the
network to aggregate the context information of different regions, which could improve the capa-
bility of the networks to capture global information. Finally, the experimental results on the stan-
dard dataset demonstrate the effectiveness of the proposed method.
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Figure 1. Dual attention based feature enhanced networks
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Figure 2. Components of the position attention block
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Figure 3. Components of the channel attention block
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Figure 4. Components of the refinement residual block
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Figure 5. Comparison of segmentation results between Dual Attention based Feature Enhanced Networks
and benchmark network
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Table 1. The comparison of the performance in Mean 10U between different algorithms
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Method Backbone Mean 10U (%)
FCN [3] VGG-16 62.2
ParseNet [19] VGG-16 69.6
PSPNet [12] ResNet-101 85.4
Deeplab v3 [20] ResNet-101 85.7
EncNet [21] ResNet-101 85.9
DFN [11] ResNet-101 86.2
Exfuse [22] ResNet-101 86.2
SDN [23] Dense-Net-161 86.6
DIS [24] ResNet-101 86.8
EMANet [25] ResNet-101 87.7
Ours ResResNet-101 88.4
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