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Inferece and Construction of Probabilistic Causal Structure Model for Everyday Life Behavior
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For understanding in observing human ' s behavior, I introduce way of assigning behavior ’ s label from moving
data in automatic. Children’ s behavior from sensor’ s data on observation of children’ s behavior infers behavior’
s label using Bayes ' s theorem. Prior probability distribution in Bayes ' s theorem uses Bayesian network. Using

Bayesian network can give prior probability distribution probabilistic causal structure.

Likelihood function in

Bayes ' s theorem uses Naive Bayes classifier. Naive Bayes classifier learns from Behavior ’ s label in assigning by
humans and higher order local autocorrelation calculating from moving pictures. Using this way improves inference
accuracy in behavior ’ s label, finally, sensor ’ s data assigns behavior ’ s label in automatic.
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