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Abstract In this paper, we proposed a DeepLabv3+ based encoder-decoder model utilizing an attention
mechanism for precise semantic segmentation. The DeepLabv3+ is a semantic segmentation method
based on deep learning and is mainly used in applications such as autonomous vehicles, and infrared
image analysis. In the conventional DeepLabv3+, there is little use of the encoder's intermediate feature
map in the decoder part, resulting in loss in restoration process. Such restoration loss causes a problem
of reducing segmentation accuracy. Therefore, the proposed method firstly minimized the restoration loss
by additionally using one intermediate feature map. Furthermore, we fused hierarchically from small
feature map in order to effectively utilize this. Finally, we applied an attention mechanism to the decoder
to maximize the decoder's ability to converge intermediate feature maps. We evaluated the proposed
method on the Cityscapes dataset, which is commonly used for street scene image segmentation research.
Experiment results showed that our proposed method improved segmentation results compared to the
conventional DeepLabv3+. The proposed method can be used in applications that require high accuracy.
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of o AAY EAS E857] A3 atrous spatial
pyramid pooling (ASPP)E A|¢F5+3At}. DeepLabv3
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Fig. 1. DeeplLabv3+ architecture
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Fig. 2. Proposed method architecture
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Table 1. Evaluation results on Cityscapes dataset

Method Params(M) MioU(%)

FCN-8s [4] 36.3 65.3
SegNet [6] 29.5 57.0
Deeplabv2 [8] 262.1 70.4
Deeplabv3 [9] 58.0 72.0
Deeplabv3+ [10] 54.7 728

Proposed 57.2 73.1

Fig. 6. Visualization results on Cityscapes dataset.
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