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Research on voiceprint recognition based on FBank feature and improved CNN
WANG Mao, HE Yong

(College of Computer Science and Technology, Guizhou University, Guiyang 550025, China)

Abstract; In the study of voice print recognition, on the one hand, aiming at the problems of insufficient characterization ability of
voice print signal features and low recognition accuracy of the model, a voice print recognition method based on CNN convolutional
neural network is proposed, and FBank Meir spectrogram features that can reflect more sound essence are used as the input of the
model. On the other hand, in order to improve the recognition rate, the multi—layer stacked network structure is widely used in most
current researches, which makes the number of network parameters and FLOPS ( floating point of per second) large, and difficult to
deploy to the edge intelligent devices with scarce computing resources and storage resources. Therefore, a grouping convolution
method is proposed to optimize the CNN standard backbone network structure to reduce the number of network parameters and the
amount of FLOPS. At the same time, in order to ensure the recognition accuracy of the network model, CBAM attention mechanism
is used to further optimize the network and make it focus on more valuable places in the channel and space. The experimental results
show that the proposed method has a higher voire recognition accuracy, and compared with standard CNN, the number of parameters
and FLOPS of the optimized model are greatly reduced.
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