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To assist a driver, it is important to estimate driver’s intention. It is known that some methods based on analysis
of double articulation structure can predict driver’s intention with high accuracy and chunks which are estimated
by the methods are similar to human’s recognition. In this paper, we improve these model to predict duration time
of changing point of driver’s intention. To model duration of chunk, we use Hierarchical Dirichlet Process Hidden
Semi-Markov Model instead of Sticky Hierarchical Dirichlet Process Hidden Markov Model. We test our proposed
model using synthetic data. As a result, we show that proposed model can predict duration time more precisely

than a comparative model.
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