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ABSTRACT

In this paper, we provide an authentication technology for verifying dynamic signature made by finger on smart phone. In
the proposed method, we are using the Auto-Encoder-based 1 class model in order to effectively distinguish skilled forgery
signature. In addition to the basic dynamic signature characteristic information such as appearance and velocity of a signature,
we use accelerometer value supported by most of the smartphone. Signed data is re-sampled to give the same length and is
normalized to a constant size. We built a test set for evaluation and conducted experiment in three ways. As results of the
experiment, the proposed acceleration sensor value and 1 class model shows 6.9% less EER than previous method.
Keywords: Deep learning, AE, Mobile Signature, One Class, Biometric Recognition
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Fig. 6. Result of AE(Data 1)
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