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Design and implementation of augmented reality intelligent
home decoration system

QIN Haodong, WU Sheng

(China Nanhu Academy of Electronics and Information Technology, Jiaxing 314001, Zhejiang, China)

Abstract: With the increasing demand for a better life and the increasing demand for decoration, the home decoration market has
made significant progress. However, in the home decoration market, there is still a lack of an augmented reality intelligent home
decoration application that allows users to design their own home decoration according to their own home environment before making
purchases. This thesis is based on augmented reality technology, rendering home decoration models into home scenes, adjusting the
pose of the model through gesture interaction, and then extending a mobile application that integrates home decoration design and
purchasing to provide consumers and users. At the same time, provide a web system for home decoration manufacturer users to
manage.
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Table 2 Comparison of accuracy between different algorithms
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Fig. 2 Overall structure diagram of gesture recognition
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