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Abstract We propose a gesture-based user recognition system using SEMG signals for smartwatches. We designed the system
to realize SEMG authentication with an inexpensive 1-channel SEMG sensor, whereas expensive medical devices with 32 or more
channels have been used in the previous researches. We conducted preprocessing, feature extraction, machine learning model
construction, and evaluation of 11 types of gestures for 19 experimental participants. We conducted a user study with 19 partic-
ipants on 11 types of gestures to collect SEMG data, and conducted preprocessing, feature extraction, machine learning model
construction, and evaluation. The basic evaluation showed that the models can be constructed with high accuracy (AUC=95%,
EER=11%), and that the percentage reduction in AUC by robustness evaluation is within 1-2%, indicating that the models are
robust against attacks assumed in a real-world scenario.
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