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Automatic floorplan generation considering energy efficiency

- Focused on the Energy Performance Prediction -
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Abstract

This paper proposes an artificial intelligence-based method to automatically generate residential floorplans, while considering energy
efficiency in the process. Architects are faced with the challenge of designing flooplans that meet the diverse needs of clients and consider
energy efficiency within a limited time and budget. In this paper, we present a method that combines automatic floorplan generation model
and energy consumption prediction model to automatically generate optimal floorplans that take into account both client requirements and
energy efficiency. This research holds promise for reducing costs and achieving the best possible outcomes in the field of architecture.

7I1/E T BEE, OHX| 2B, XS 4y, ASKS, o5 22
Keywords : Residential Floorplan, Energy Performance, Automated Generation, Artificial Intelligence, Prediction Model
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2.1.1 Artificial Intelligence Approach
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