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Semantic Indoor Image Segmentation using Spatial Class Simplification
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ABSTRACT

In this paper, we propose a method to learn the redesigned class with background and object for semantic segmentation of indoor
scene image. Semantic image segmentation is a technique that divides meaningful parts of an image, such as walls and beds, info
pixels. Previous work of semantic image segmentation has proposed methods of learning various object classes of images through
neural networks, and it has been pointed out that there is insufficient accuracy compared to long learning time. However, in the
problem of separating objects and backgrounds, there is no need to learn various object classes. So we concentfrate on separating
objects and backgrounds, and propose method to leam after class simplification. The accuracy of the proposed learming method is
about &5 ~ 12% higher than the existing methods. In addition, the learning time is reduced by about 14 ~ 60 minutes when the class
is configured differently In the same environment, and it shows that it is possible to efficiently leamn about the problem of separating
the object and the background.
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