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Studies on Aerial Handwritten Character Recognition Using Machine Learning

Daiyuu HANAFUSA *! and Yoshihiro NISHIDA ™

*I Department of Applied Science and Engineering

This paper presents a method to recognize a character handwritten in the air. We had prototyped an aerial handwritten
hiragana character recognition system that detect single character period by hovering in the air using DP (dynamic
programming) matching. In this time, we investigate an aerial handwritten character recognition system using machine
learning. We use two features, vector and picture. Feature of vector is relative direction of handwriting information. It is
a time series information so we use LSTM(Long Short Term Memory) to learn data of characters. Feature of picture is
absolutely handwriting information. We use CNN(Convolution Neural Network) to learn data of characters, because this
model is suitable for picture recognize. We compared correct recognition rate of using LSTM and using CNN. We

estimated features of both methods.
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Fig.1 Aerial Handwritten Character Recognition
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Fig.2 Track a Handwriting
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Fig.3 Output Picture
Fig.4 Track a Handwriting
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Fig.5 Vector "L\
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Fig.6 Separate Character
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Fig.7 Data Set Fig.8 Data List
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Fig.9 Picture List Fig.10 Vector List
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Fig.11 CNN Model
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