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Semantic segmentation of urban street scenes based on attention mechanism
WANG Weiwei, LUO Yang, LI Xi

(School of Artificial Intelligence, Guangxi Minzu University, Nanning 530006, China)

Abstract: When the existing image semantic segmentation models are applied to the segmentation task of urban street view images, the
segmentation results are often poor due to the rich background information, many small objects, and occlusion in the urban street view
environment. Aiming at the above problems, an improved algorithm based on DeepLabv3+ is proposed. The algorithm is based on the
encoder—decoder architecture. At the encoder, the features of the input image extracted by the backbone network are inputted into the hole
feature pyramid pooling module, and then through an EMA module to strengthen the extraction of global information of the model. At the
decoder, the low—level features extracted by the backbone network are passed through an ECA module to reduce the interference of
background and irrelevant small targets, and then fused with the high-level features obtained by the encoder. The experimental results on
the CityScapes dataset show that the proposed model achieves an average Intersection over Union ratio of 74. 5%.
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Fig. 3 Overall architecture of the model in this paper
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Table 2 Results of ablation experiment %
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Fig. 4 Partial visual examples of the segmentation results
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