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Person Identification by Interactive Machine Learning

based on Random Forest and Convolutional Feature
-Application to Person Re-identification by Mobile Robots Circulating around the Classroom-
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We propose a person identification method of mobile robots which support users through circulating indoor space such as
classrooms. This method extracts and accumulates convolutional features from detected person's rectangles, interactively labels
these features and updates person classifiers of the Random Forest. We confirm usefulness of this method from experiments of
identifying persons detected by mobile robots circulating around the classroom.
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