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Abstract

This article examines the application of machine learning to interior design, with a particular fo-
cus on how machine learning is changing the way designers work and the design process. The ar-
ticle first introduces the basic principles and methods of machine learning, and then analyzes the
application of machine learning in interior design in detail, including user behavior analysis, de-
sign element selection, and design effect prediction. The article also discusses the challenges of
machine learning in interior design, such as data privacy and security concerns, and the difficulty
of implementing the technology. Despite the challenges, machine learning provides interior de-
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signers with new design thinking and methods, making design work more data-driven and intelli-
gent. Finally, the article looks forward to the future application of machine learning in interior de-
sign, and calls on designers and researchers to actively address challenges and seize opportunities
to achieve better design and research results.
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Figure 1. Relationship framework for artificial intelligence-machine learning-deep learning
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(a) Neural Style Transfer (b) Pix2Pix (c) CycleGAN

Figure 2. The main process of machine learning algorithms
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Figure 3. Site data analysis
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