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Emotion Recognition Based on Graph Features Extracted from EEG Networks
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Abstract: To accurately evaluate individual emotional states, we propose a graph feature learning and
recognition algorithm for electroencephalogram (EEG)-based emotion recognition. In the proposed
algorithm, the original EEG data are first used to construct the corresponding EEG network. And then, the
local adjacency graph between different emotional EEG network samples is constructed in the
high-dimensional EEG brain network space, which aims to capture the distribution of the emotional EEG
brain networks, and the graph Laplacian matrix can be estimated with the adjacency graph. Thirdly, the
optimal low-dimensional graph embeddings of emotional EEG brain networks are obtained by the spectral
graph theory, and the emotional EEG brain network samples can be represented in the low-dimensional

space, in which the initial emotional EEG brain networks can be represented with a set of network features.
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Finally, based on the extracted emotional EEG brain network features, the optimal support vector machine
classifier is trained and utilized in the emotion recognition. The verification experiment is carried out on the
international public emotional EEG datasets, and experimental results show that compared with traditional
emotion recognition algorithms, the proposed method can effectively improve the accuracy of emotion
recognition, and achieve a robust recognition effect of 91.85% (SEED dataset, 3-class) , 79.36%
(MAHNOB-HCI dataset, 3-class) and 79% (DEAP dataset, 4-class) on three public datasets,
respectively.

Key words: emotion recognition; electroencephalogram(EEG); EEG brain network; feature extraction;
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Table 2 Experimental results on three public emotional datasets ( Acc/% % Std/F,-Score)

B im e mE Theta Alpha Beta Gamma
FEAIE
PSD  36.544-2.88/0.25 40.82+6.63/0.33  64.25415.40/0.62  75.384+16.74/0.74
DE  49.26+4.85/0.49 50.574+6.74/0.50  78.08£8.07/0.78 91.56+5.01/0.92
CC  40.734+4.12/0.40 40.73+4.12/0.49  74.27+7.41/0.74 86.6944.94/0.87

(:?EE?S) LE 49.54+10.93/0.41  42.354+6.80/0.49  46.34+4.59/0.74 87.13+4.79/0.87
SP  35.124+1.10/0.24 38.784+4.27/0.32  45.61£6.29/0.40 46.38+5.40/0.40
GE  35.03+1.18/0.22 37.78+4.17/0.29  46.46+6.70/0.42 46.14+5.15/0.40
GL  43.32+5.24/0.43 52.304+8.93/0.52  80.474+7.55/0.80 91.85+4.10/0.92
PSD  50.5546.83/0.45 53.744+7.68/0.49  58.49+9.30/0.54 63.58+11.76/0.62
DE 52.96+6.73/0.49 55.6947.48/0.52  65.12+7.15/0.63 70.724+8.29/0.70
CC  43.80+6.61/0.36 44.41+6.89/0.37  55.3045.90/0.52 67.024+10.01/0.67

MAHNOB-HCI

(3-class) LE 49.54410.93/0.36  42.35+6.80/0.37  46.344+4.59/0.52 66.704+10.43/0.77
SP  43.154+6.98/0.28 43.09+7.23/0.28  44.174+6.71/0.30 47.75+6.69/0.37
GE  43.134+6.99/0.27 43.05+7.25/0.28  44.46+6.46/0.31 47.50+6.55/0.37
GL  44.28+6.81/0.38 45.18+6.95/0.40  57.244+6.93/0.55 79.36+7.70/0.79
PSD 47.31+10.15/0.38  47.9549.13/0.40  55.80+9.29/0.52 64.194+11.13/0.61
DE  43.80+6.06/0.33 44.84+5.77/0.34  53.2749.86/0.12 69.604+10.20/0.69
CC  49.584+10.78/0.43  42.50+6.62/0.29  46.20+4.81/0.37 69.02410.46/0.68

(Zi?;:) LE 49.54410.30/0.43  42.35+6.80/0.29  46.3444.59/0.37 68.70410.43/0.67
SP 42.01+6.98/0.26 42.05+7.06/0.26  42.0746.80/0.26 43.38+6.79/0.29
GE  42.0246.99/0.26 42.04+7.07/0.26  41.97+6.95/0.26 43.37+6.49/0.29
GL  59.52412.44/0.57  42.98+6.39/0.33  50.4046.86/0.46 79.00+7.98/0.79
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