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Basic Study of Object Recognition with a Focus on Human Interaction
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In recognizing an object, humans are thought to rely on how that object is used; that is, on the interaction between a person and that object. This
study develops a method that extracts interrelationships between people and objects (actions humans take on an object) as the object’s attribute
characteristic and use that attribute information as a characteristic of object recognition. This paper proposes a method that represents the shape
of an object and human movements—extracted with an RGB-D sensor—as attributes of the object. In this study, the concept of affordance was
used to account for the interaction between people and objects. This concept examines what kind of human action is induced from the
information that an object accords to humans. The information that an object gives to a person is how the object is conventionally used, which is
expressed in its shape. This shape was defined as a static attribute in this study. The movement that a person actually takes with regard to an
object was defined as a dynamic attribute. These two attributes were used as bases of object recognition in the proposed method. In this paper, a
basic experiment was conducted by limiting the objects to “chair” and “beverage,” and the actions to “sit” and “drink.” Consequently, it was
confirmed that when a movement that satisfies the conventional purpose of the object is taken, the object is correctly recognized in either of the

processes.
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