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DEVELOPMENT OF A STRUCTURAL ESTIMATION METHOD OF INDIVIDUAL
BUILDING USING OPEN DATA

Naoya TAKEDA, Takafumi FURUYA and Yuki AKIYAMA

In recent years, 3D models of cities have begun to be used for disaster prevention planning and simulation
of evacuation drills and so on. On the other hand, information on not only the shape of buildings but also
the structure of each building is important for disaster prevention planning and urban planning in prepara-
tion for a large-scale earthquake. However, information on the structure of individual buildings is often
difficult to obtain. In this study, we developed a method for estimating building structure using XGBoost,
a machine learning method, with various attribute values obtained from existing statistics such as the pop-
ulation census and various spatial information readily available as open data for the Setagaya, Shibuya, and
Adachi wards of Tokyo. The reliability of the estimation was verified, and the results showed that the
structure could be estimated with an accuracy of approximately 80% in all wards. Furthermore, the im-
portance of the features was calculated, and it became clear that the features created based on existing
statistics also contributed greatly to the structure estimation.



