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Recognition of animal sound’s emotion based
on Gaussian mixture model

Liu Heng Wu Di  Su Jiayi Yang Chunyong Hou Jin
(Hubei Key Laboratory of Intelligent Wireless Communications, College of Electronic Information

Engineering, South-Central University for Nationalities, Wuhan 430074, China)

Abstract: For the problem of animal emotion recognition, this paper proposes an approach of applying Gaussian Mixture
Model algorithm in animal sounds emotion recognition by combining speech processing and machine learning technique.
The automatic recognition approach of animal emotion includes three key steps: three feature parameters extraction (Ze-
ro-crossing rate, Formant and Mel-Frequency Cepstral Coefficients) , cluster analysis of training samples by using Gauss-
ian Mixture Model, and computation of posterior probability of testing samples. Combination of feature weight coeffi-
cients and the number of Gaussian mixture components are analyzed to find the influence to the recognition rate. After
that, choosing the optimal parameter, the experiment result shows that the Gaussian Mixture Model algorithm with opti-
mal parameter effectively improves the recognition rate of animal emotion from 84.25% to 96.67%.

Keywords: animal emotion recognition; Gaussian mixture model; weight coefficients; feature extraction
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