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Multi-channel EEG classification method according to music
tempo stimuli using 3D convolutional bidirectional gated
recurrent neural network
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ABSTRACT: In this paper, we propose a method to extract and classify features of multi-channel Electro-
Encephalo Graphy (EEG) that change according to various musical tempo stimuli. In the proposed method, a 3D
convolutional bidirectional gated recurrent neural network extracts spatio-temporal and long time-dependent
features from the 3D EEG input representation transformed through the preprocessing. The experimental results
show that the proposed tempo stimuli classification method is superior to the existing method and the possibility
of constructing a music-based brain-computer interface.

Keywords: ElectroEncephaloGraphy (EEG), Tempo stimuli, 3D convolutional bidirectional gated recurrent neural

network, Gated recurrent unit
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Fig. 2. (Color available online) 3D Input representation of EEG signal,
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Table 1. Result of tempo stimuli classification,

Accuracy

Method

4 song 6 song 8song all

2D CNN 802% | 673% | 599% | 47.8%

3D CNN 813% | 689% | 61.7% | 49.6%

ResNet 795% | 672% | 59.7% | 47.5%

BGRNN 829% | 70.6% | 632% | 50.6%

2DCBGRNN | 848% | 747% | 66.8% | 524 %

3DCBGRNN | 86.7% | 813% | 71.7% | 54.8%
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