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Conversion of Floor Plan Images to Graph Structures using Deep Learning
and Application to Retrieval
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The purpose of this research is to automatically convert real estate floor plan images into graph structures that
reflect the floor plans. In order to do this, we recognize each room or door in the images with semantic segmentation

using deep learning, and create graph structures based on their adjacencies.

By this proposed method, it was

confirmed that floor plan images could be converted to the graphs with the similarity of 81% with the ground truth

graphs.

Representing floor plans as structured representations—graph structures— makes it easy to compare and

evaluate floor plans, and even search, and is expected to be applied to any systems that handles floor plans.
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