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Context—-aware application for smart home based on Bayesian
network
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Abstract

This paper deals with a context-aware application based on Bayesian network in the smart home. Bayesian network
is a powerful graphical tool for learning casual dependencies between various context events and obtaining probability
distributions. So we can recognize the resident’s activities and home environment based on it. However as the sensors
become various, learning the structure become difficult. We construct Bayesian network simple and efficient way with
mutual information and evaluated the method in the virtual smart home.
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Fig. 1. an example of Bayesian network
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