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Research and application of deep recurrent neural networks based voiceprint recognition
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Abstract: Voiceprint recognition was one of the most popular biometric identification technologies, which could identify a
speaker based on his voice. This paper proposed CDRNN, a voiceprint recognition scheme. CDRNN combined CNN and Deep
RNN into a unified model and took advantages of both of them. For CNN was good at extracting characteristics from images, it
could generate several spectrograms based on the original voice signal at first. And then, CNN would extract unique features
from these spectrograms. . Finally, Deep RNN would output the speaker's identification based on these unique features.
Simulation results show that CDRNN performs better than GMM-UBM and DNN-based approach.
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