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The smartphone authentication using holding behavior
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In this study, the purpose is to establish an individual authentication system based on the smart-

phone holding behavior. We developped a system measured how one holds with the smart phone.

Using this, we collected the smartphone holding data from 9 participants during operationg the spec-

ified application. The data was classified for each participant by machine learning, and calculated

FRR (False Rejection Rate) and FAR (False Acceptance Rate). It found to be 0.130 and 0.106 on

average. For some users, both FRR and FAR were less than 0.05. For this reason, we think this

method is useful for some users
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