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Abstract : In the research field of tactile display, many researchers are developing systems that employs recorded vibrations as
a tactile signal, and these systems present high-quality tactile sensations. To enhance this kind of displaying method, it is
necessary to collect and classify recorded vibration in haptic behaviors. Here, we focused on accelerations in haptic behaviors.
In previous research, we proposed a method of collecting accelerations in haptic behaviors using ZigBee-based microcomputer.
In this paper, to classify 30 classes of haptic information, we applied a deep learning based classification. With the result, we
discussed the possibility of combination of collecting vibration in tactile behaviors and deep learning.
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Fig. 1: TWE-Lite-2525A, Mono Wireless Inc [5]. This
sensor node includes 3-axis accelerometer, ZigBee trans-
fer module and a battery cell (CR2032).
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Fig. 2: Interpolation processing. Calculate quadratic
equations using measurement data of two points before
and after, calculate values at intervals of 1 ms, and lin-

early interpolate.
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Fig. 3: Composition of CNN.
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Fig. 4: Collection of tactile data. Put the microcom-
puter in the 3D printed case, attach it to experimenter’

s finger or pen and operate it to collect the data.
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Fig. 5: Textures. These are plate-like object with length
70-100 mm and width 100-130 mm.
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Table. 1: Confusion matrix of 400 mm/s data.
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Table. 2: Result of experiment. “3speeds” is the re-

sult of classifying ten kinds of objects at three kinds of

speeds.
Speed(mm/s) | 100 | 200 | 400 || (3speeds)
Accuracy(%) | 89 | 88 | 93 90
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