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Abstract

Semantic image segmentation technology in the field of computer vision is a technology that
classifies an image by dividing it into pixels. This technique is also rapidly improving performance using
a machine learning method, and a high possibility of utilizing information in units of pixels is drawing
attention. However, this technology has been raised from the early days until recently for ‘lack of
detailed segmentation’ problem. Since this problem was caused by increasing the size of the label map,
it was expected that the label map could be improved by using the edge map of the original image
with detailed edge information. Therefore, in this paper, we propose a post—processing algorithm that
maintains semantic image segmentation based on learning, but modifies the resulting label map based
on the edge map of the original image. After applying the algorithm to the existing method, when
comparing similar applications before and after, approximately 1.74% pixels and 1.35% loU (Intersection
of Union) were applied, and when analyzing the results, the precise targeting fine segmentation function
was improved.
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