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Abstract In order to improve the accuracy of eye movement directions identification based on electro-oculogram (EOG) signals,
this paper utilized the electrooculogram (EEG) signals containing EOG artifacts and proposed a new approach to classify eye
movement directions. Firstly, EEG signals from the 8 channels in the frontal lobe of the human brain are collected,and EEG data
pre-processing is made ,including data normalization and least squares based denoising. Then support vector machine based method
is applied to perform multiple binary-classification, and finally voting strategy is used to solve four-classification problems, thus
achieving eye movement directions identification. The experiment results show when using the approach of this paper to classify
eye movement directions, the classification accuracy rates in the upper, lower, left and right directions are 78. 47%,72. 22% ,
84.03% ,79. 86 % respectively,and the average classification accuracy rates reach 78. 65%. In addition,compared with the existed
classification methods.the classification accuracy rate of this paper is higher.and the classification algorithm is simpler. It is vali-
dated the feasibility and effectiveness of using EEG signals to identify eye movement directions.

Keywords Brain-computer interface, Electroencephalogram, Eye tracking, Electro-oculogram, Human-computer interaction
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Fig. 1 Flowchart of eye movement direction classification algorithm

based on EEG signals
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Table 3 Classification rates with and without CSP filters

A Y0
Wk # R CSP g M JE K E A CSP & H
o & F o & F
Sy 70. 83 79.17
S, 58.33 79.17
S 68.75 81. 25
Sy 50. 00 75.00

(2) 5 3 F BE 75 280k m xt e
S P T BB gk AT A 260 IR B TR IR S
BUE X MY,
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X, FT:)— X, FT) + X, T;) — X(n, Ty)
(1D
8
Y=2> X,m) (12)
m=1

ﬁun%%x - B R4 22 1038 38 (AF7,F7,FT7, T 2
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Table 4 Classification rates of threshold based method
CHL7 . %)
Wik ] ] 1] 2 iy 1 A By T
PR ak®: p%% px% p%kE: pkF
S1 22.50 17.50 85.00 92.50 54. 38
Sz 15. 00 22.50 82.50 82. 50 50. 63
S3 45.00 10. 00 95.00 95.00 61.25
Si 20. 00 10. 00 90. 00 90. 00 52.50
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ol % 11.51 5. 30 4. 80 4.68 +4.01
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Table 5 Classification rates comparison with different methods
CHA7 %)
2% =] T W] 72 i =R F 3
A X T % 78.47 72.22 84.03 79.86 78.65
CSP & % % 70. 83 58.33 68.75 50.00 61.98
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Table 6 Comparison of eye movement directions identification
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