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A review of feature analysis for music signal processing
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(Communication University of China, Beijing100024, China)

Abstract: Feature extraction is an important step in music signal analysis. This paper
comprehensively summarizes the audio features in music signal analysis, which is divided into
three parts: traditional audio features, music related features and audio features for deep learning.
It focuses on combing the meaning of various mainstream audio features and the application status
of computing methods and music signal features in traditional machine learning methods and deep
learning methods and summarizes the mainstream open source tools. Finally, the paper prospects
the future development direction of the field of music features.
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