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Multi-channel EEG Feature Extraction Using Hierarchical Vector

Autoregression

WANG Jin-Jia! CHEN Chun!

Abstract Feature extraction and classification of electroencephalogram (EEG) signals is a core part of brain-computer
interface (BCI). For multi-channel EEG signal and high dimension of feature vector of BCI system, a novel EEG signal
recognition method called hierarchical vector autoregression (HVAR) is presented, which extracts EEG feature using
regression coefficient of HVAR model and linear support vector machine (SVM). It overcomes the limitations of the
autoregression (AR) model that can be used to extract the single channel EEG only, and effectively avoids the vector
autoregression (VAR) model sharing a same delay for all channels. Our contribution is that regularization is added on
the traditional VAR model and a reasonable hierarchical structure is adopted. It effectively compresses parameter space
of VAR model. In this paper, HVAR model is used for EEG data classification for the first time. Experimental results
show that the recognition accuracy of extracted feature of HVAR model using a 2 lag order multi-channel is higher than
that of AR model of 6 lag order. So low-level HVAR model can describe the portrayed temporal relationship of EEG well.
This shows HVAR may be a novel method to portray EEG signal, which has reference significance to other multi-channel
time-series.
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Table 2  Patterns of task combinations
1155 ' HeH 55 ' HeH
1 FE . B 6 FeE AL TUA e
2 i, FRAE 7 FEI . I
3 HE L U e 8 FREAA . U EIER:
4 R e o 9 FRHA . AT
5 Ferkita, FRAEA 10 JUT BT @R a5
F 3 VAR BAUAR[R NP IERf 3
Table 3  Average accuracy rate using VAR model with different order
55
o 1 2 3 4 5 6 7 8 9 10
ENGling
2 0.83 0.73 0.85 0.85 0.81 0.91 0.84 0.77 0.74 0.78
3 0.79 0.74 0.81 0.82 0.80 0.88 0.80 0.73 0.73 0.75
4 0.75 0.75 0.80 0.82 0.80 0.86 0.80 0.71 0.71 0.70
5 0.73 0.71 0.78 0.78 0.81 0.86 0.77 0.70 0.65 0.70
6 0.73 0.72 0.75 0.76 0.78 0.84 0.76 0.68 0.68 0.69
7 0.71 0.67 0.71 0.73 0.77 0.81 0.72 0.65 0.65 0.65
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Table 4  Average accuracy rate using LASSO-VAR model with different order
% 1 2 3 4 5 6 7 8 9 10
N [R] Ef i
2 0.79 0.70 0.83 0.79 0.81 0.88 0.83 0.70 0.72 0.67
3 0.80 0.73 0.79 0.80 0.80 0.86 0.78 0.65 0.65 0.65
4 0.79 0.73 0.82 0.79 0.78 0.85 0.76 0.65 0.63 0.64
5 0.77 0.69 0.79 0.76 0.76 0.83 0.71 0.67 0.61 0.64
6 0.76 0.71 0.78 0.73 0.75 0.84 0.75 0.66 0.62 0.63
7 0.76 0.66 0.76 0.73 0.73 0.84 0.75 0.63 0.58 0.61
# 5 HVARC BB WA -1 IR AR R
Table 5  Average accuracy rate using HVARC model with different order
5 1 2 3 4 5 6 7 8 9 10
ENGLDR
2 0.82 0.73 0.85 0.80 0.86 0.90 0.84 0.73 0.70 0.70
3 0.81 0.75 0.82 0.84 0.84 0.90 0.84 0.70 0.68 0.69
4 0.80 0.76 0.84 0.82 0.83 0.89 0.82 0.69 0.66 0.68
5 0.78 0.73 0.81 0.79 0.85 0.87 0.78 0.69 0.64 0.64
6 0.80 0.73 0.81 0.79 0.82 0.88 0.81 0.70 0.65 0.66
7 0.78 0.73 0.81 0.79 0.80 0.87 0.81 0.67 0.63 0.66
# 6 HVARO REAUAN[H] I P25 IE A 4
Table 6  Average accuracy rate using HVARO model with different order
% 1 2 3 4 5 6 7 8 9 10
ENGLor:
2 0.81 0.72 0.84 0.81 0.84 0.90 0.86 0.71 0.72 0.72
3 0.82 0.76 0.83 0.82 0.85 0.91 0.83 0.69 0.69 0.69
4 0.82 0.74 0.84 0.80 0.83 0.88 0.82 0.67 0.68 0.67
5 0.81 0.71 0.82 0.81 0.83 0.87 0.82 0.67 0.64 0.65
6 0.81 0.72 0.81 0.79 0.81 0.87 0.82 0.67 0.67 0.66
7 0.79 0.71 0.81 0.80 0.81 0.87 0.82 0.65 0.62 0.64
7 HVARE SAUAR[R Y- P25 IR 3
Table 7 Average accuracy rate using HVARE model with different order
fE5 1 2 3 4 5 6 7 8 9 10
N [R] H i
2 0.79 0.70 0.83 0.80 0.82 0.87 0.83 0.69 0.71 0.68
3 0.77 0.72 0.80 0.82 0.81 0.87 0.79 0.64 0.68 0.69
4 0.78 0.73 0.80 0.80 0.79 0.86 0.77 0.65 0.65 0.64
5 0.78 0.71 0.78 0.79 0.80 0.85 0.75 0.66 0.64 0.64
6 0.78 0.71 0.76 0.79 0.80 0.85 0.77 0.68 0.64 0.66
7 0.78 0.68 0.76 0.80 0.76 0.86 0.77 0.64 0.64 0.65
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Table 8 Summary of classification results for all subjects
AR-BG VAR LASSO- HVARC HVARO HVARE
VAR

2 S 0.78 0.81 0.77 0.79 0.79 0.77
I KM 0.83 0.91 0.88 0.91 0.90 0.87
4 IREALSS Pkt o Pkt 5. Ferk it PRI Pk AT Ferk T
1 HeHK JUART P et NIRGIE) 3 JUArT Pl et JUAT &L TiE% JUfT P it JUAAT Pl et
% FIME 0.74 0.73 0.67 0.68 0.69 0.67
i BRAE 0.89 0.82 0.76 0.74 0.77 0.76
e IRfEALS FRAA. FRAA. FREAA. FREAA. FRAA. FRAA.
2 AT AT 55 AT AT E 5 AT
% FE 0.67 0.73 0.68 0.71 0.70 0.68
g RRE 0.77 0.84 0.78 0.82 0.77 0.81
# IRfEL S FRAA. JUART Pl et JUT P e s JUArT Pl et FRAA. JUAT Pl et
3 HATr JUfeT Pl et AT BT E Mo JUAT e AT
%z FIME 0.77 0.82 0.75 0.77 0.78 0.75
ik R 0.93 0.91 0.86 0.89 0.91 0.86
*H BAEIES PRINIECN Fekit . Pkt PRINIECN Ferkit . Pkt
4 HeETrk Mo AT W5 AT AT WA
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Fig. 10 The boxplots of all methods using six order for all subjects
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