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Emotion EEG recognition based on the adaptive optimized
spatial-frequency differential entropy
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Abstract : The affective brain-computer interface ( ABCI) aims to provide a channel for emotional communication between people and
external devices. Emotion electroencephalography (EEG) recognition is the most basic and key part of the ABCI system. To adaptively
select the optimal combination of spatial electrodes and frequency bands to optimize the emotion EEG feature and improve the
classification effectiveness, an adaptive optimized spatial-frequency differential entropy ( AOSFDE) feature is proposed. We design an
importance measurement method of spatial electrodes based on the relative entropy. According to the importance of various spatial
electrodes, the most important spatial electrodes are selected automatically. The sparse regression algorithm is used to optimize the
differential entropy features in multiple local spatial-frequency domains. The emotion EEG database (SEED) provided by Shanghai Jiao
Tong University is utilized for experimental analysis. Results show that the proposed AOSFDE method can effectively improve the
recognition accuracy. For 15 subjects in this dataset, the average recognition accuracy values of positive/negative, positive/neutral and
neutral/negative binary emotional classifications are 91. 8% , 93.3% and 85. 1% , respectively. The proposed algorithm provides a new
idea and method for emotion EEG recognition.
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Flowchart of the proposed algorithm
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F1 WKE S1 REHFHER S LI EAREE (% ) XL (RIRBEEFIHIRIELE)

Table 1 Comparison of mean+standard deviation of different features for subject S1 ( positive and negative emotions)

IR delta theta alpha beta gamma AT
DE 66. 56+9. 54 71.01+8. 69 69.33+7.03 81.18+8. 14 81.87+7.53 78.79+7. 54
DASM 56.57+9. 20 40. 47+6. 20 54.25+9.57 65.55+8.59 65.53+10. 06 63.81+8.73
RASM 42.32+6.79 42.51+6.13 42.37+6.78 62. 86+8. 62 63.50+7.20 44.16+9. 74
DCAU 42.30+6. 39 42.36+6. 48 46.90+9. 21 63.67+9.99 64.03+10. 15 44.74+9. 18

F2 #HikE S1 REFHER S RIELARAEZE (% ) XL (FRIRBLEF P EELE)

Table 2 Comparison of mean+standard deviation of different features for subject S1 ( positive and neural emotions)

FRAIE delta theta alpha beta gamma S B
DE 61.39+9. 95 69. 90+8. 50 71.58+8. 48 82.52+7.71 82. 01x6. 86 73.0128.21
DASM 43.08+6. 82 54.47+9.31 60. 70+8. 58 74.54+8. 80 74.98+8. 16 60. 379. 83
RASM 42.56%5.58 44.34£6. 89 48.35£10.2 65.19+8.23 65.17£9.79 42.72+8.02
DCAU 43.21£4.92 43.61x6.33 56.27+11.3 67. 42%8. 30 67.9029. 42 44.3229.21

K3 WiRE S1 ARUFER D EEEREZE (% ) XL ( P& RIEL)

Table 3 Comparison of meantstandard deviation of different features for subject S1 ( neural and negative emotions )

FHAE delta theta alpha beta gamma IR
DE 62.30+9.25 57.72+8.52 66. 89+8.92 60. 13+7.98 61.07+9.50 58.10+9. 26
DASM 55.15+9.33 57.47+10.0 50.95+9. 62 55.37+9.61 55.00+9. 56 53.47x10. 8
RASM 44.91+8. 41 44.97+10. 4 44.05+8. 15 43.19+5.79 42.35+5.69 42.91+7.73
DCAU 42.54+7.77 43.97+7.17 42.35+5.95 43.77+7.31 42.65+9.37 43.28+6.75
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