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Automatic Generation of Iconic Gestures based on Image Data
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In human-agent interaction, nonverbal behavior has an important role such as improving the comprehensibility of

conversational content. However, gesture generation is one of the most difficult tasks in humanoid interfaces. This study

proposes a method of generating iconic drawing gestures using image processing and machine learning techniques. We

collected a set of graphic images for over 1000 objects and classified the objects into 4 types of shapes. By implementing a

gesture shape decision mechanism, we also built a system that takes a sentence as the system input and produces hand gesture

animations that are synchronized with synthetic speech.
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