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Audio Signal Classification Algorithm for a Smart Health-Care Monitoring System

L1 Ling-li
(Dept. of Information Management, Guangdong Justice Police Vocational College, Guangzhou 510520, China)

Abstract: Aiming at the deficiency of Mel-frequency cepstral coefficients (MFCCs) in discriminating acoustic signals, a two-
level classification strategy based on different feature extraction techniques was proposed to classify nine audio signals in a
smart health-care monitoring system. In the first level, the MFCCs and its variants (AMFCCs) are used as the inputs of the
hidden Markov model (HMM) for classification. Then, the mean and standard deviation of the first-order difference of power
spectral density over different frequency bands are calculated as features for further classification in the second step. Experi-
ment results in real-time health monitoring system reveal that the first-order derivatives of power spectral density contain some
important information which is not included in MFCCs. The approach in this paper shows better robustness and high classifica-
tion accuracy whose average is as high as 97. 37%.

Key words: audio signal; MFCC; feature selection; hidden Markov models (HMM) ; classification
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