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Voiceprint recognition based on RegNet neural network
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Abstract: By finding the optimal combination of parameters such as the optimal width, neuron weights and bias of the RegNet neural
network, the optimised RegNet neural network is applied to the recognition of speech spectrograms to achieve feature learning and
classification of the speech spectrograms, and then to achieve the identification of voiceprints. The experimental results show that the
RegNet network has a higher recognition rate of 11.75% and 1.93% compared with the mainstream convolutional neural network (CNN)

and DenseNet, and has better stability after convergence and better accuracy and robustness compared with DenseNet and traditional CNN.
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