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In this paper, an object recognition method using Convolutional Neural Networks, and a three-dimensional object position
estimation method were applied to a humanoid robot. The proposed system has two types of object recognition mode: a mode
to detect something and a mode to search the specified object. As an experimental result, the latter mode of object recognition
was almost succeeded whereas the average of success rate of the former mode was 75%. The average of success rates of
position estimation in both modes was 69% and it tends to fail when the object is thin.
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