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Fig.3 Audio spectrogram of 4 tone of the syllable “shu”
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with different hidden layer nodes
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Mandarin Chinese tone recognition based
on back-propagation neural network
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Abstract The BP neural network is studied and applied to tone recognition in this paper, which is a frequently
used pattern classifier. Based on analysis of training and recognition processes of BP neural network , we extract fea-
ture data reflecting the tone characteristics to build the classification eigenvector. The classifier is designed as a 3-
layer BP neural network with one hidden layer, and applied to recognize the four tones of Mandarin Chinese. The
recognition results by BP neural network with different hidden layer nodes are compared. The experiment result indi-
cates that the audio feature extracted by this classifier is valid for Mandarin Chinese,and verifies its good classifica-
tion performance.

Key words back-propagation neural network ;audio feature extraction ;tone recognition



