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Abstract

To create intuitive tactile display, collecting vibrotactile information is important, though, the collection proce-

dure requires manual scanning of textures. Thus, collection of vast information is difficult. However, by employing

machine learning technology, there is a possibility to generate further virtual data from existing collected data. In

this paper, we made a generation model of vibrotactile signal from the collected acceleration data by using Recurrent

Neural Network with GAN . We generated several vibrotactile signals by the model and compared the generated

data with the collected one.
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