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Abstract In this paper, we proposed an encoder—decoder model utilizing residual learning to improve
the accuracy of the U—Net—based semantic segmentation method. U—Net is a deep learning—based
semantic segmentation method and is mainly used in applications such as autonomous vehicles and
medical image analysis. The conventional U—Net occurs loss in feature compression process due to the
shallow structure of the encoder. The loss of features causes a lack of context information necessary
for classifying objects and has a problem of reducing segmentation accuracy. To improve this, The
proposed method efficiently extracted context information through an encoder using residual learning,
which is effective in preventing feature loss and gradient vanishing problems in the conventional
U—Net. Furthermore, we reduced down—sampling operations in the encoder to reduce the loss of spatial
information included in the feature maps. The proposed method showed an improved segmentation

result of about 12% compared to the conventional U—Net in the Cityscapes dataset experiment.
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