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This paper proposes an emotion classifier from EEG signals based on Bayes’ theorem and a machine learning using a perceptron
convergence algorithm. The emotions are represented on the valence and arousal dimensions. The fast Fourier transform spectrum
analysis is used to extract features from the EEG signals. To verify the proposed method, we use an open database for emotion
analysis using physiological signal (DEAP) and compare it with C-SVC which is one of the support vector machines. An emotion
is defined as two-level class and three-level class in both valence and arousal dimensions. For the two-level class case, the
accuracy of the valence and arousal estimation is 67% and 66%, respectively. For the three-level class case, the accuracy is
53% and 51%, respectively. Compared with the best case of the C-SVC, the proposed classifier gave 4% and 8% more accurate
estimations of valence and arousal for the two-level class. In estimation of three-level class, the proposed method showed a

similar performance to the best case of the C-SVC.
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(ERP, event related potential)9] 4] "o
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Training Procedure

1 begin initialize W, b

2 m<0

3 do

4 m<—m+ 1

5 esuy < 0

6 forn < 1 to N

7 7 < Get-Log-Posterior-Vector("ux)
8 y < Get-Output-Vector(W, z, b)
9 e — s -y

10 esuy < esum * |le]|

11 forc <— 1t C

12 We < We + et

13 b. < b. + .

14 until espy < e or m > my,

15 W < {wi, wy, ==, wc}
16 b < (b, by, =, be)'
17 return W, b

18 end
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Get-Output-Vector(W, z, b) @?% Fa etk "~
daugF 4UA Sl A =H
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2A B Afole AdAeHA K3 Aow whd
Testing Procedure
1 begin with W,b
2 7 < Get-Log-Posterior-Vector(x)
3y < Get-Output-Vector(W, z, b)
4 e <—s-y
5 if el =
6 else return false
7

0 then return true

end
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<Figure 1>¥} <Figure 2>+ valence®} arousal 5H9] 2
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dsS HoJEr) Wk <Figure 2>9] arousal A T A
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<Figure 1> Precision, Recall, and F1-score of Valence
Estimation for Two-Level Class
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<Figure 2> Precision, Recall, and F1-score of Arousal
Estimation for Two-Level Class
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<Figure 3> Precision, Recall, and F1-score of Valence
Estimation for Three-level Class
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<Figure 4> Precision, Recall, and F1-score of Arousal
Estimation for Three-level Class
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<Figure 5> Accuracies of the Proposed Classifier and
C-SVC for Two-Level Class
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<Figure 6> Accuracies of the Proposed Classifier and
C-SVC for Three-Level Class
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