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Research on the intelligent gesture recognition method
based on electrical measurement
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(1.Tianjin Key Laboratory of Optoelectronic Detection Technology and System, School of Electronics
and Information Engineering, Tianjin Polytechnic University, Tianjin 300387, China;
2.School of Electrical Automation and Information Engineering, Tianjin University, Tianjin 300387, China)

Abstract: With the wide application of computers and the development of wearable electronic devices, the combination of human-
computer interaction and wearable devices has become a research hotspot. Gesture recognition technology plays an important role in the
field of human-computer interaction. An intelligent gesture recognition method is proposes based on electrical measurement. The sensor
device is used to collect the wrist boundary voltage data. At the same time, the deep voltage neural network is used to classify the
collected voltage data, and finally the purpose of gesture recognition is realized. The experiment verifies the feasibility of classifying
gestures by electrical measurement data. After adding deep neural network to the gesture recognition system, the correct recognition rate
of gestures is over 90% , which proves that the system has better portability, stability and real-time. Sexuality provides new ideas for the
design of intelligent gesture recognition systems.

Keywords : electrical measurement; gesture recognition; conductivity distribution; deep neural networks; model building
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Fig.1 Schematic diagram of electrical measurement system
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Fig.3  Drive model for cyclic excitation and cycle measurement
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Fig.5 Electrical measurement gesture recognition
model based on the DNN method
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Fig.7 Electrical measurement gesture recognition

experiment system
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Fig.8 Process of gesture data acquisition
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Fig.10  Voltage data curve under different gestures
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