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Steady-state visual evoked potential classification algorithm based on MYMDMS-CCA

NIE Zihao, WANG Raofen

School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China

Abstract: Considering the classification problems of electroencephalogram (EEG) signals and their nonlinear, non-stationary
characteristics, multivariate variational mode decomposition (MVMD) is introduced to process steady-state visual evoked
potential (SSVEP) signals. Herein a novel classification algorithm for SSVEP called MVMDMS-CCA which combines a
new approach for mode selection with canonical correlation analysis (CCA) algorithm is presented. MVMDMS-CCA method
uses the signal-to-noise ratio to determine the key parameter K in MVMD, and then performs MVMD decomposition. Mode
selection is carried out by setting a threshold using the maximal information coefficient (MIC) method, and the modes not
meeting the threshold are adaptively denoised using wavelet denoising. A new combination of modes is constructed and input
into the CCA algorithm to achieve SSVEP signal classification. The proposed method is validated on a self-collected EEG
dataset, and it achieves an average classification accuracy of 93.23% under a 3 s window, showing 5.78% higher than
standard CCA and 1.51% higher than the improved filter bank CCA. MVMDMS-CCA can effectively extract SSVEP
components from EEG signals while suppressing noises, providing a new perspective for the research of SSVEP decoding
algorithms.
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Figure 6 MIC values of all subjects in dataset A
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Hidr ITR A9 A0 2 bits/min , £& 32 852080 B 1915 8,

SSVEP I [HI B0 4 s,k T FUEHE 46 A HEATXT L, 26
HUOSCHE4E B Y ET 3 s 1Y SSVEP Xidi . Xf LB VERR T
b fE (9 CCA, i i HUJE % #% 41 CCA (Filter Bank
CCA, FBCCA) 5 3£, FBCCA il it 2 21 1k Il 25 5
oG FL A 5 Jal 4 B 2 AN i, PO R A A 2R 8
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P A 6 AHARTE3F L T RIERF. N
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A P 38 Y 5 B, X MR 75 T S gk A 5 4ol I EL 4
H B A G REGE T 2 DR R SNR, SR A IS
Pefs B, N ILEUS T H FBCCA WAy S . 725 Fb
I ] %7 K B R, MVMDMS-CCA #5226 30 M 5 5 1)
SERIERf R, L HIE R K BB T, 2Lk %8
o 783 s BIFAN G I, 7 4 TE 6 3R 35 31 93.23%, ik
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Table 2 Classification accuracy of 3 algorithms under different time windows (%)

s 1] 74 /s S1 S2 S3 S4 S5 S6 T
CCA 58.75 71.88 5875  33.44 3625 4875 51.30

1.0 FBCCA 65.00 80.63  64.06  43.44 4469 5594 5896
MVMDMS-CCA  68.75 80.31  66.88  49.38 49.69 5875  62.29

CCA 78.44 85.94 6938  47.19 5719 6438  67.08

15 FBCCA 82.19 90.63 7438  59.69 6438 6844 7328
MVMDMS-CCA  84.38 9125  75.63  68.13 7031  69.69  76.56

CCA 86.25 94.06 7625  62.50 69.69 7594  77.45

2.0 FBCCA 89.69 96.88  83.75  80.00 76.88  77.81  84.17
MVMDMS-CCA  91.25 98.13  84.69  84.38 82.19  79.06  86.61

CCA 91.25 95.63  84.06  70.63 77.81  81.88  83.54

25 FBCCA 94.06 99.06  86.88  89.69 82.81  86.88  89.90
MVMDMS-CCA  95.31 99.38  87.50  91.88 86.25  89.69  91.67

CCA 9438 99.69  89.06  78.44 81.88  81.25  87.45

3.0 FBCCA 95.63  100.00 91.56  90.63 83.75 8875  91.72
MVMDMS-CCA 9625  100.00  92.50  93.44 86.56  90.63  93.23




- 942 - r [ = 2 3

s
AR

A2

AT A EULE H, 432 1 A 2 B s ) 78 1740 38 o iy 44
1R, X PR BAAE 3 P 7 AT A Bl 4 BE e U B
AR B [B) B A B TR e 2R R . (S — 4
M2, Bk S2 78 1 s I BT[] % &, CCA IE 1 % 1
71.88%, i HSF24 1E 7 % 20.58%., MVMDMS-CCA
M]3k 3 80.31%, ¥& =5 T CCA 77, HLAE 1.5 s B[]
%~ ,MVMDMS-CCA IE#fi % # i 90%. 1Ak, S4 F
S57E 1.0 s Y [A] % B 7r FE SR I 22 , AR SO A L
FBCCA #& St id 5%, XT3 P 44 i , MVMDMS-
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CCA 11 87.45% MIFBCCA 1 91.72%. CCA JiikhF
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SSVEP {5 5 Ab L o i A5 A /& . 1fif FBCCA J7 ik F 4R
LI T CCA, B H AR Ja if 5 i R FLEN I B AL T
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MVMDMS-CCA 7E 5 775 ab #i b i) 5@ v g . 78
2 s YA E] T, MVMDMS-CCA [ ITR 34 #] 50.10
bits/min, i # CCA FI FBCCA [ 8, BIffifE 3 sy
AP % T, TTR WA FFAE 42.51 bits/min # &5 7K, &
7 HAEARN R 2 JOKE BE AT EE T, BB A 4R 4 A
HIE BAR R o X HE— 2R W 7 75 BT 1 6 %
FIE S 350R B 0 5%, MVMDMS-CCA J&& 21 H
TSR A M

=3 BUEE A f1 CCA.FBCCA FiMVMDMS-CCA 7ZEFET A E T4 2 EFAZR (%, v+s)

Table 3 Average classification accuracy of CCA,

FBCCA and MVMDMS-CCA under different

time windows (Dataset A) (%, Mean+SD)

; I} I 7
ik 1.0s 1.5s 2.0s 25s 30s
CCA 51.30+14.74 67.08+14.08 77.45£11.32 83.54+9.04 87.45+8.38
FBCCA 58.96:14.04 73.28+11.57 84.17+7.79 89.90+5.83 91.72+5.61
MVMDMS-CCA 62.29+12.05 76.56+9.33 86.61+6.92 91.67+4.97 93.23+4.62

=4 HIBE A CCAFBCCA 1 MVMDMS-CCA 7 A F)R 8] & T A9 ITR (bits- min~", x+s)
Table 4 Average information transfer rate of CCA, FBCCA and MVMDMS-CCA under different

time windows (Dataset A) (bits-min™, Mean+SD)

ik I 1] 77

1.0s 15s 2.0s 25s 3.0s
CCA 27.47£17.21 36.53+£16.43 39.49+13.12 38.6349.55 36.90+8.80
FBCCA 36.88+19.68 43.71+15.63 46.99+10.59 45.45+7.50 40.95+6.50
MVMDMS-CCA 40.95+17.64 47.66+13.52 50.10+9.99 47.54+6.71 42.51+5.58

ST I R R R AR SRR A TR 4E B
XoF i B AL AT I, R PP A 1% 5 VA TE A W) £ 4l
LAY Mk ix, ERARBEET,
MVMDMS-CCA 1 - ¥ 1E # % ¥ & F CCA
FBCCA J5ik . TERFRIT H7 3.0 s, 23 JS 10 1 3k 5|
T 91.83%, it F = T CCA J5 %11 86.39% Al FBCCA
75 19 90.39%. X & Bl MVMDMS-CCA 7 A4b 2 %
P B I, [RIFEAL T X6 He B3, R A5 AN [ A s [A] 74
TR BB SRR T . TR 6 AT, 7E1F B G
% |- ,MVMDMS-CCA 7£ It f3 B [6] 2 T 915 B A%
BRI RIUAE, FrAEAE 1.5 sIRT R T, 388 T
80.02 bits/min, I & T CCA fJ 67.94 bits/min Fll
FBCCA #Y 75.03 bits/min, %% 5 % B , MVMDMS-
CCA 7EHUEAE B L [FIAE SR B T 5 K A& 4 1 i
M. ToIR R 2 IE i R 2 A5 B AL f %, A1

H

T4} H ) CCA I FBCCA J5 i, it — 2 56 uF H e Ab B
SSVEP {5 S it bt . % 07 B A ) B 42 st
[ T RE R R ar i bERe , oA i T .
43 BhE RERMEIT S LB

£ MVMDMS-CCA 7, i A 7 [R5 25 22 18] A A1
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%5 HIBEB  CCA . FBCCA F1MVMDMS-CCA R FIRTE & T AI5 K IEHHER (%, r+s)
Table 5 Average classification accuracy of CCA, FBCCA and MYMDMS-CCA under
different time windows (Dataset B) (%, Mean+SD)

; P[] 77
ik 1.0s 1.5s 2.0s 2.5s 3.0s
CCA 40.67+18.16 67.00+23.53 80.06+22.49 84.06+19.04 86.39+16.82
FBCCA 47.22+17.42 71.50+20.50 81.89+22.22 87.11+17.01 90.39+13.75
MVMDMS-CCA 50.61+16.50 74.61+£17.68 84.39+19.63 89.00+15.36 91.83+£12.34

# 6 HIEEB  CCA .FBCCA #1MVMDMS-CCA 7 R FEIRTE & T 89 ITR (bits- min™, x+s)
Table 6 Average information transfer rate of CCA, FBCCA and MVMDMS-CCA under

different time windows (Dataset B) (bits- min‘l, Mean=SD)

st [
2 1.0s 1.5s j;l(?? 25s 3.0s
CCA 39.05+31.26 67.94+39.92 71.27+33.06 61.65+24.10 53.80+18.76
FBCCA 50.59+34.51 75.03£37.74 74.47+33.25 65.72+22.59 58.44+16.46
MVMDMS-CCA 56.96+34.99 80.02+34.73 78.02+31.21 68.35+21.39 60.29+15.46
pi= D)+ 0)(p)’ (17) tooy
AR SRR (15) FF T A R BOREN 385 0 o
S (AR 5 R HCHEAT -y b B BRI, B4R 56 85
PESE SR OB KT RBORBTRE K. R TRIEN § sof
AR, SIATIF LA RECRIE. K16 B—FhR  § 75
ELHE RO A N B A S AR S R BT T 70
RE—RE &%, K (17)5% T FBCCA & Fiif 65¢
BRIV 2 22, 38 3ok A 13285 0 R 6 R MG T A 60f
)5 T B R 2 B ]
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Figure 7 Performance comparison of 3 fusion coefficient methods
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