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Audio Classification Algorithm Using Probabilistic Latent
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Abstract: The paper proposed an audio classification algorithm based on probabilistic latent semantic analysis model
(PLSA) and K-nearest neighbor classifiers (KNN). The algorithm first feed the audio signal feature vector into the PLSA
model training to get a bag of sound frames models, then classify with the KNN classifier. Experimental results showed
that the proposed classification algorithm has better classification effect compared with the traditional KNN algorithm.

Keywords: Mel frequency cepstral coefficients; word-frequency of co-occurrence matrix; bag of sound frames models;

probabilistic latent semantic analysis model; K-nearest neighbor classifiers
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