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Music classification system through emotion recognition based
on regression model of music signal and electroencephalogram
features
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ABSTRACT: In this paper, we propose a music classification system according to user emotions using Electro-
encephalogram (EEG) features that appear when listening to music. In the proposed system, the relationship
between the emotional EEG features extracted from EEG signals and the auditory features extracted from music
signals is learned through a deep regression neural network. The proposed system based on the regression model
automatically generates EEG features mapped to the auditory characteristics of the input music, and automatically
classifies music by applying these features to an attention-based deep neural network. The experimental results
suggest the music classification accuracy of the proposed automatic music classification framework.
Keywords: Emotion-based music classification, Electroencephalogram, Regression model, Deep neural network
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Table 1. Emotion classification results based on EEG
signals (%),

Recognition accuracy
Features + Methods
M-HEPS

RAW-BF + RF 70.35
ESP +CNN 76.27
ESP + BGRU 80.36
ESP + CBGRU 85.46
ESP + HIA-BGRU 91.23
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Table 2. Music classification results using regression
model (%).

Features + Methods Recognition accuracy
Individual | Common

MSP + CNN 72.57 67.56
MSP + MLP + CNN 78.51 71.07
MSP + BGRU 77.43 71.67
MSP +MLP + BGRU 83.18 75.13
MSP + CBGRU 81.25 77.78
MSP + MLP + CBGRU 87.23 81.24
MSP + SIA-BGRU 87.26 83.12
MSP + MLP + SIA-BGRU 93.26 86.53
MSP-ESP + SIA-BGRU 92.23 87.68
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