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Audio Segmentation Algorithm
Based on Trend of Believable Degree Change

ZHANG Rui-jie, LI Bi-cheng, QU Dan

(Institute of Information Engineering, PLA Information Engineering University, Zhengzhou 450002)

Abstract This paper proposes an audio segmentation algorithm based on trend of Believable Degree(BD) detection. It uses the detection structure
of fixed-size sliding window to avoid accumulative errors. BD of every audio frame is computed in sliding window, and jump points are detected
according to the trend of BD changes, so that detection errors due to threshold setting and hard threshold judging can be avoided. Experimental
results demonstrate that the algorithm is superior to KL2-based algorithm, HMM-based algorithm, BIC(Bayesian Information Criterion)-based
algorithm and Entropy-based algorithm.
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