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New channel selection and classification algorithm based on group sparse
Bayesian logistic regression motor imagery EEG signal classification model
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Abstract: Aiming at the channel selection and classification issue of EEG signals, a motor imagery EEG classification model based on
group sparse Bayesian logistic regression ( gsBLR) is proposed, which can simultaneously accomplish channel selection and
classification. Firstly, spatial filtering and band-pass filtering are performed on the multi-channel signals to reduce the influence of
volume conduction effect. Secondly, the time domain, frequency domain and time-frequency domain features with discriminant
information are extracted for each channel signal, and feature fusion is performed. Finally, the gsBLR method is used for channel
selection and classification. The model parameters are automatically estimated from the training data under the Bayesian learning
framework, which avoids cumbersome and time-consuming cross-validation process. Experiments were carried out on two public BCI
competition datasets and self-collected dataset, and the highest average classification accuracies of 81. 63% , 84.97% and 76. 47% were

achieved, respectively. Compared with other methods, the proposed method achieves better classification accuracy and fewer number of
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channels. At the same time, the selected channels are more compatible with the neurophysiological background.

Keywords : motor imagery EEG; brain-computer interface; group sparse; Bayesian learning; logistic regression; channel selection
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Table 1 Classification accuracy and optimal number of channels( dataset 1)

WikeS
Bk
FDC SVM-RCE LASSO gLASSO sgLASSO ¢sBLDA esBLR
aa 70. 54(3) 70.54(1) 70. 54(1) 68.75(9) 73.21(7) 66.96(22) 74.11(11)
al 96.43(6) 98.21(9) 100. 00(5) 100. 00( 16) 98.21(41) 98.21(27) 100. 00(9)
av 65.82(4) 64.29(22) 59.18(1) 63.27(3) 61.22(4) 61.22(14) 66.84(6)
aw 78.13(6) 78.57(42) 73.66(3) 85.27(2) 76.79(6) 71.88(10) 83.48(7)
ay 77.38(9) 77.38(21) 86.51(2) 85.71(12) 88.10( 10) 84.92(6) 83.73(4)
Sy 77.66(5.60)  77.80(19.00)  77.98(2.40) 80.60(8.40)  79.51(13.60)  76.64(15.80) 81.63(7.40)
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Fig.1 Scalp map of EEG channel weight ( dataset 1)
xR2 HBTEMEMEMBER(HIEE2)
Table 2 Classification accuracy and optimal number of channels( dataset 2)
Tk
B H
FDC SVM-RCE LASSO gLASSO sgLASSO gsBLDA gsBLR
K3-LR 92.22(8) 86.67(10) 90.00(2) 92.22(23) 93.33(10) 88.89(10) 93.33(4)
K3-LF 92.22(48) 82.22(4) 84.44(4) 90.00(24) 87.78(15) 85.56(13) 84.44(2)
K3-LT 95.56(52) 96. 67(29) 94.44(39) 88.89(30) 91.11(32) 90.00( 18) 94.44(5)
K3-RF 91.11(7) 93.33(23) 93.33(10) 93.33(10) 92.22(10) 95.56(14) 90.00(3)
K3-RT 93.33(2) 92.22(4) 93.33(6) 94.44(19) 91.11(31) 92.22(11) 94.44(4)
K3-FT 80.00(6) 78.89(39) 76.67(4) 85.56(7) 70.00(2) 80.00(13) 84.44(6)
Ké6-LR 65.00(2) 50.00(20) 60.00(3) 53.33(59) 50.00(59) 50.00(9) 53.33(8)
Ké6-LF 71.67(54) 63.33(15) 60.00(5) 66.67(16) 68.33(11) 68.33(12) 75.00(6)
Ké6-LT 90.00(13) 80.00(27) 81.67(34) 83.33(20) 80.00(26) 78.33(8) 85.00(6)
K6-RF 61.67(3) 68.33(31) 70.00(30) 66.67(8) 68.33(7) 55.00(12) 70.00(8)
K6-RT 81.67(46) 76.67(4) 81.67(27) 80.00(15) 83.33(19) 78.33(12) 78.33(6)
K6-FT 91.67(37) 78.33(15) 90.00( 16) 78.33(21) 81.67(25) 81.67(9) 95, 00(6)
L1-LR 93.33(8) 86.67(11) 93.33(6) 88.33(8) 86.67(15) 90.00( 10) 88.33(7)
LI-LF 88.33(35) 88.33(6) 86.67(6) 88.33(1) 95.00(12) 88.33(10) 93.33(3)
LI-LT 93.33(1) 93.33(1) 93.33(3) 91.67(2) 93.33(3) 83.33(9) 95.00(1)
LI-RF 88.33(37) 86.67(7) 90. 00(37) 83.33(11) 80.00(2) 81.67(7) 85.00(3)
L1-RT 88.33(8) 90.00(23) 93.33(3) 90.00(1) 90.00(1) 81.67(10) 93.33(2)
LI-FT 71.67(47) 65.00(3) 75.00(7) 71.67(1) 70.00(59) 61.67(8) 76.67(7)
K3 -5 90. 74(20. 50) 88.33(18.17) 88.70(10. 83) 90.74(18.83) 87.59(16.67) 88.70(13.17) 90. 19(4. 00)
K6 F#  76.94(25.83)  69.44(18.67)  73.89(19.17)  71.39(13.17)  71.94(24.50)  68.61(10.33) 76.11(6.67)
L1 -5 87.22(22.67) 85.00(8.50) 88.61(10.33) 85.56(4.00) 85.83(15.33) 81.11(9.00) 88.61(3.83)
MY 84.97(23.00)  80.93(15.11)  83.73(13.44)  82.56(15.33)  79.48(18.83)  78.86(10.83) 84.97(4.83)
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Fig.2 Scalp map of EEG channel weight ( dataset 2)



186

e Mo%

a2,
&

iz F40%

e, B3 s g BT A GE A 7 kA D s
B 28 R R, [ Pl s s 4 1 (— 35 5 Al
IrRAERG AR J7 PR R Bn 4R 2 (— 3t 18 APl
55 RUER R ) o TEX L) LAY RIFRR ¢sBLR I
THAL T %, N 3 hal DL 2 0 2 80 7 X0 M 2k LU

XU RUER R AT G AR I R W], gsBLR WL T
HAb Ik (B A p<0.05) o A HT RS =46 90 &5 2R &
B, egsBLR % % i T SVM-RCE , gL.ASSO , sgLASSO #lI
gsBLDA ( iT 5 p<0.05) , 1fii gsBLR Fl FDC =[] L4 &
gsBLR I LASSO 2 [i] U % 47 & % X 5 (JIr A p>

B U T gsBLR BYLME . SN R 7 220 % 0.05)
100 - o, 100 - [« ] 100 - 2
ot 0 mgbh oBE
90 q: 90 + “0 90 #
o0 /O Fialal 8 o0 Op 0O
~ 80 (a] ~ 80 O ~ 80 (]
g o 2 o op
S0t o_, 70+ [n 3y S0t u|
o Q o
60 60 60
[u] .~ a
50 — 50 _— 50 —
60 70 80 90 100 60 70 80 90 100 60 70 80 90 100
(a) FDC (b) SYM-RCE (¢) LASSO
100 [ 100 - =] 100 [=]
o g o g & oo
90} o 90t o0 90} 40
oo O oB 0 o O
o 801 & o 80} - o 80} -
2 o5 2 dlo 2 B @
70+ O %070 - [mt 70F 0
Q Q / [+
60 - 60 60 -
u} o] o
B T —r— SO SO
60 70 80 90 100 60 70 80 90 100 60 70 80 90 100
(d) gLASSO (¢) sgLASSO (f) gsBLDA
K3 Ir2UER AT T
Fig.3 Classification accuracy comparison
R T AR 30, X HE— LY E T gsBLR U5 ¥k B &
4 LBRRZA et

SRR 25 BAIE R B A AR, ST R R A O R N
T [ OREMEREE L. R E—ILRET 10
AR R B , 8 2T A2 A Tz sh R AT
% . {8 Neuroscan /A & A NuAmps 40 S R #8173k
B EEG 55 R4, REEFEN 250 Hz, —IREE 36 1~
38 8 AR , 22 Bk 4 ANHR F FARGE T (B E T A2 A
WA A 3 AR 1) AN 2 A2 25 s i (A
A2, oy BICEF A4 BT ) R, JFET 30 4
T (B , A ST IX 30 ANl B AT o0 B, PR
IR YE S U FH A B (R 5 4 0. 5~ 3.5 s, FLAb Tl b # AN
FRIESR IO, : 5806 4E 2 —HF.

& 3 T by A A Sk BF O VA AR B Y 4 28
HE S AR LM 8, gsBLR 7 B 7E 290 b s
TR MERG R [ EOAS T A AT 38 S E
o b, gsBLR WG T iR ARAYF- X i a4 78 T A 1
B, gsBLR #5688 ) 3 3 £CER AN KT 10, HoAth 7 13k 45
FA) 3 T ) 25 AR K, B LASSO , fe /Nl i Bl 3, B

P14 T 735 A 45 ol 308 T B 4% 5 72k 1 3 T A T 7 451
WSk et thFasmBRE, B 4 JGH T 5 A8k
FEE AR N A . SRR AR 1 R E 4 2 25U,
gsBLR JEHR ()38 18 b A A v, Ay 77y vk 398 436 1) 3 1 DU L
A4, Hetin SVM-RCE i1 LASSO,

IR SRR 73 2 UERA R AT A TP 8 A B
R, (R MR AR Y SE IS 3O R, gsBLR B S AL F 3Lt 7
o XTE—ERREE FYUE T gsBLR AR RME,

S PR e 1 RIEOIESE 2 (938 38 e R L
SR A VPR AR5 A T R A O 0 P vk e K
PIMEER AR S B i B, PR B BT 7 1 R
P 1 T PR R AR AR T AR 4 2,

Feariiid, i S B (e e 13k 118 4>
IH ) P TSR A Rl 4 (R 4R 2 3L 60 il iE )
5 i) 306 5 B/ B3 T X DL AN AE SR E AR T



510 4 TREATR A5 BT A DL 2 5 (0] )52 Sh AR G (R - 3 S B 3l 1 e 5 2 SR Sk 187
xR3 HSPEMEMRMRBEY(BRELHIE)
Table 3 Classification accuracy and optimal number of channels( self-collected dataset)
Bk E ke
FDC SVM-RCE LASSO gLASSO sgLASSO gsBLDA gsBLR
S1 67.19(1) 76.56(3) 73.44(3) 76.56(6) 70.31(5) 71.88(4) 75.00(4)
2 65.63(6) 68.75(16) 65.63(20) 65.63(14) 62.50(16) 60.94(9) 67.19(7)
S3 70.31(14) 70.31(5) 64.06(30) 75.00(16) 64.06(29) 71.88(7) 70.31(5)
sS4 64.58(1) 66.67(10) 72.92(6) 66.67(12) 64.58(16) 70. 83(5) 70. 83(4)
S5 76.56(27) 81.25(19) 78.13(24) 81.25(16) 81.25(13) 81.25(12) 81.25(8)
S6 59.38(2) 60.94(15) 64.06(11) 67.19(22) 73.44(16) 68.75(10) 70.31(10)
s7 76.92(11) 67.31(19) 73.08(7) 73.08(23) 71.15(2) 63.46(13) 73.08(4)
S8 82.69(18) 80.77(25) 80.77(7) 69.23(17) 75.00(17) 71.15(14) 84.62(8)
S9 88.24(17) 90.20(20) 90.20(16) 82.35(17) 90.20(9) 82.35(9) 92.16(4)
S10 80.00(8) 70.77(11) 76.92(13) 76.92(19) 80.00(9) 70.77(15) 80.00(4)
-1y 73.15(10.50) 73.35(14.30) 73.92(13.70) 73.54(16.20) 73.25(13.20) 71.33(9.80) 76.47(5.80)
FDC SVM-RCE LASSO sgLASSO gsBLDA
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1
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Fig.4 Scalp map of EEG channel weight (self-collected dataset)
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