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Abstract

The mirror neuron regions which are distributed in cortical area handled a functionality of intention recognition on the basis
of imitative learning of an observed action which is acquired from visual-information of a goal-directed action. In this paper
an automated intention recognition system is proposed by applying computational model of mirror neuron system to the hu-
man-robot interaction system. The computational model of mirror neuron system is designed by using dynamic neural net—
works which have model input which includes sequential feature vector set from the behaviors from the target object and
actor and produce results as a form of motor data which can be used to perform the corresponding intentional action through
the imitative learning and estimation procedures of the proposed computational model. The intention recognition framework is
designed by a system which has a model input from KINECT sensor and has a model output by calculating the correspond-
ing motor data within a virtual robot simulation environment on the basis of intention-related scenario with the limited ex-
perimental space and specified target object.
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