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Abstract: Decoding motor imagery electroencephalogram (MI-EEG) signals based on deep learning models is one of
the hot research topics in the field of brain-computer interface (BCI) technology. Aiming at the time-frequency characteris-
tics and individual differences of MI-EEG, numerous studies have conducted time-frequency analysis on MI-EEG and wide-
ly applied its time-frequency representations to MI-EEG decoding. However, most existing methods ignore the spatial distri-
bution characteristics of multi-electrode MI-EEG and fail to fully explore and utilize the topological relationships between
different electrodes, thereby affecting the integrity of feature information and limiting the further improvement of decoding
performance. To adaptively learn the topological information between multi-electrode MI-EEG and effectively enhance its

time-frequency-spatial feature information, this paper proposes an attention network with continuous wavelet convolution
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and graph embedding (CWC-GEAN). The network consists of five modules: a multi-branch continuous wavelet convolu-
tion module (MCWCM), a multi-branch dynamic graph embedding module (MGEM), a multi-branch feature channel atten-
tion module (MFCAM), a multi-branch feature channel-time attention module (MFCTAM), and a feature fusion and classifi-
cation block (FFCB). First, the original multi-electrode MI-EEG signals are input into the MCWCM, where continuous
wavelet convolution is performed based on four sub-bands(1 Hz to 8 Hz, 9 Hz to 16 Hz, 17 Hz to 24 Hz, 25 Hz to 32 Hz) in
four branches respectively, and the optimal multi-scale frequency-spatial-temporal feature representations are obtained
through dynamic learning of scale factors. Then, a prior adjacency matrix containing topological information between elec-
trodes is constructed based on mutual information, and the prior adjacency matrix is adaptively learned and adjusted from
different sub-bands via the MGEM, which is embedded into the frequency-spatial-temporal feature representations of corre-
sponding branches to obtain graph structure features containing topological information between electrodes. Furthermore,
the MFCAM and the MFCTAM further extract deep features from the graph structure features of each branch, and succes-
sively complete the automatic acquisition of feature channel attention vectors and feature channel-time attention matrices as
well as feature weighting to obtain multi-branch discriminative features. Finally, the FFCB fuses the multi-branch discrimi-
native features to obtain the final classification results. In this paper, the performance of CWC-GEAN is evaluated based on
the public BCI Competition IV 2a dataset and High-Gamma Dataset, with average classification accuracies of 85.45% and
95.09%, and average Kappa values of 0.806 and 0.934, respectively. The results show that CWC-GEAN has the ability to
adaptively learn and capture the time-frequency information and electrode topological information of MI-EEG, as well as
enhance time-frequency-spatial features, and exhibits good model robustness and consistency of classification results, with

2025 4F

certain performance advantages over popular methods.
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Kappa=

Acc

PO Pe
1-p (17)
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a,, N5 m R EREARANEL, b, ARFHE m BT A
ANE n ARRFEA L

WA, S 1A B AT RE Y S 45 R A Sl AR [ Y
WIAAE AT 5 UVEAS , IR T3P S AR 1 254 i
KRR
4.3 ZEMREERSW
4.3.1 /NGB RE D RE R R

TER AN [F] B BE/INE R AT, CW CB 2375 B AN [A] 1)
EEG 55 WA 47 , TS0 52 9 25 5 . PRt A5 328
BT AFPRE/NDE BREL, B Gauss /N \Mexican Hat /N |
Morlet /N FiT Complex Morlet /N HEAT A 5T, SE 56 45 3%
WK 7 s, g5 58200, 2416 Complex Morlet N B
KR CWCB RYFE/IN R R B, CWC-GEAN HJ L3R4S
T 1= MER 7R 85.45% Fllfc K Kappa {E.0.806. iX 1368 Com-
plex Morlet /N B A 3 /N i pR E5CHE RE M Af s it MT-
EEG B AL .
4.3.2 SBERIEREMETAIED R R

AN TR S 36 R 20 B R GEB 2 2] 21 1) rEL AR (1] 7
DRG0, I A SCERE LI PR &R 450
WAL 2 7 AT S5 X

(A B AR AR R

WHE 25 EEG B 78 B SR 25 ] Y 34 e B4
LB AN 5 ] T A e M B B B SBJE DG &R, R R AL
HAE SR 1 A, G R AL A SR 07

90 0.90
fﬁiﬁfﬁlfi 8545
g5 b W Kappafii 84.03 4 085
80 7843 0.787 4 0.80
£ z
N 0.750 &
g% 075 3
= 0.712 ¥
70 | 0.70
65 0.65
60 0.60
Gauss Mexican Hat Morlet Complex Morlet
N N N NBE
7 /INBERE R O R AL i i M R A 52 )
(2) 4% 5% 1 AR AR

7 FH 4% 52 1 Ak AN [R) HiL B 3 3 22 ] 19 46 i 06
TR H w5 o BE R A A LIRS cos (u,v), #5 Hi4s
XHER T BE W EE o, WICH ENTATERE LR, =
B RRPE A, SR

|cos (u,v)

, ﬂﬂ%|cos (u,v)| >0
0, HoA,

XF HE SIS S5 AN 1 R . YOSl GEB i A
FIME B BRI () MR R A 83.48% 5 24 FL A FH I 4R 4B
FEAE PR A SR MG B ACE A B AR MR e i $E Tt
BB 23 P RE , WEBA AR AL T AN i A FME 2 A
RUPEET T 0.25 41 43 o5, T AV T 408 122 W R 4% 5% I 5
AT R I ) 3 o A A A A 23 T o 6.5 1 4 s A 1.98
ANE G305 28 GEB X @ #2240 itk A 72 2] I J
FHH A B A0 2 R0 B A AL o 1 S A A, 3R 5 85.45% , M
P A A FME S BB = 1.97 A E 4 a5, il
FEVAE "B 00 A I TR 2 52 B 0 e I P A 70 5 3 )
A3 RS 0.56 4N T A3 S HN0.5 4N 11 40 . X B B4 L
A0S 422  B Eb H Ay 3k T RE S B EEG HL A [R] B4 # B OC
#,JF H4& 19 GEB BB A U AR 4 25 EEG HUBCRFIE
2 ) B b R EME B
4.3.3 FENEEHEAFEDEENZME

TE FCTAB v, T3 2 ) 46 B e 8% %) 49 i 38 18 1 2 )
RS B B AT R A, A6 IS B v B i 2L Rl 4
TR SR A R IR 8 A Y E B ] B AR . SRR
[vi) P9 3 3 o P ) ey o, AN [ A4 B 1 R T RS I 4
RALSANTR], DI SE 56 25 = 5 . R b, AR5 i
BT LS.

Sedi X (19) 7580 & 1 4 SRS, 19 Hadamard
PR, A5 30 Bl 5 A 308 3 A4 R R A B O R
IS

(18)
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Si=850S8) (19)
4% 2 (14) {7185 0] iy A RF AR R B M7 4
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R1 SPERERGE XX E BRI S
R AN FIHRIR A AR | M= TSR | FIRIRIARARRAS | R~ R A | FUHRIR AR R | RIS e Ry
Zik (R TE: AEH HARMHRAIFS | EABHIRME A | SRR AT | SXABHIERHRA | SRR A | 15 BB
fH A HEME R fH A HEMER FMER AFFME B

Acc/% | Kappa | Acc/% | Kappa | Acc/% | Kappa | Acc/% | Kappa | Acc/% | Kappa | Acc/% | Kappa | Ace/% | Kappa

- 90.42+ | 0.872+ | 81.04+ | 0.747+ | 90.76+ | 0.877+ | 87.29+ | 0.831+ | 91.04+ | 0.881+ | 90.14+ | 0.869+ | 90.76+ | 0.877+
0.76 0.012 1.58 0.021 1.47 0.020 0.90 0.012 0.71 0.009 0.71 0.010 1.06 0.014

<02 7243+ | 0.632+ | 64.79+ | 0.531+ | 73.26+ | 0.644+ | 69.38+ | 0.592+ | 74.17+ | 0.656+ | 73.82+ | 0.651+ | 76.46x+ | 0.686+
2.36 0.032 2.18 0.029 2.28 0.030 1.34 0.018 2.24 0.030 2.33 0.031 1.33 0.018

90.42+ | 0.872+ | 89.79+ | 0.864+ | 90.97+ 0.88+ | 90.21+ 0.87+ | 91.32+ | 0.884+ | 91.18+ | 0.882+ | 91.81+ | 0.871+

303 1.11 0.015 1.29 0.017 1.39 0.019 0.71 0.009 0.73 0.010 0.36 0.005 0.63 0.008
- 86.53+ | 0.820+ | 78.13+ | 0.708+ | 86.25+ | 0.817+ | 81.94+ | 0.759+ | 86.39+ | 0.819+ | 86.39+ | 0.819+ | 87.22+ | 0.830+
0.99 0.013 1.79 0.024 0.89 0.012 0.70 0.009 1.49 0.020 1.09 0.015 0.52 0.007

<05 75.28+ | 0.670+ | 70.28+ | 0.604+ | 76.46+ | 0.686+ | 75.97+ | 0.680+ | 75.55+ | 0.674+ | 76.39+ | 0.685+ | 77.22+ | 0.696+
1.53 0.020 2.01 0.027 2.47 0.033 1.14 0.015 1.74 0.023 1.69 0.023 0.87 0.012

68.82+ | 0.584+ | 59.58+ | 0.461+ | 70.83+ | 0.611+ | 64.86+ | 0.532+ | 68.96+ | 0.586+ | 67.92+ | 0.572+ | 72.64+ | 0.639+

306 1.96 0.026 1.36 0.018 1.12 0.015 1.43 0.019 1.50 0.020 0.78 0.010 0.86 0.005
<07 93.40+ | 0912+ | 87.50+ | 0.833+ | 9424+ | 0.923+ | 9229+ | 0.897+ | 9521+ | 0.936+ | 94.72+ | 0.930+ | 95.84+ | 0.944+
1.10 0.014 1.28 0.017 0.95 0.013 1.75 0.023 1.43 0.019 0.78 0.010 1.14 0.015

88.12+ | 0.841+ | 82.50+ | 0.767+ | 88.68+ | 0.849+ | 86.81+ | 0.824+ | 88.19+ | 0.843+ | 87.71+ | 0.836+ | 89.51+ 0.86+

508 0.71 0.095 0.84 0.011 0.68 0.009 0.38 0.005 0.76 0.010 0.68 0.009 1.21 0.016
85.90+ | 0.812+ | 79.23+ | 0.723% | 84.93+ | 0.799+ | 84.72+ | 0.793+ | 85.00+ | 0.800+ | 85.28+ | 0.804+ | 87.57+ | 0.834+

309 1.11 0.015 0.38 0.051 1.56 0.009 0.91 0.012 1.96 0.026 1.02 0.014 0.96 0.013
¥y 83.48+ | 0.780+ | 76.98+ | 0.693+ | 84.04+ | 0.787+ | 81.50+ | 0.753+ | 83.98+ | 0.786+ | 83.73+ | 0.783+ | 85.45+ | 0.806+
0.47 0.006 0.53 0.007 0.34 0.005 0.37 0.005 0.22 0.003 0.41 0.006 0.25 0.003

T IR A e s

B IAL .

X LU SRR RN 2 B, W] LA 25 0 T2k
AL S ) R I, ST O3 B R A A TR MR T
(7 ER A v 2 A 5 /0, B T AR A 70 28 P RE L X T
BN R~ 245 R B X A 25 R A — R AR AR R E
2 J5E NI [ 24 58 ) AN [) B L R 8 4 ity 220 ) 1 24
EEBIINES.

R2 EENEEHAEARIERIED MR

itk Accl% Kappa

Tk 85.08+0.45 0.801+0.006

Tk 85.45+0.25 0.806+0.003
4.3.4 HRLSEIS

J T PPl CWC-GEAN Hv 4% 21 B 43 %) 452 72 fit 7
PEBE A5, F 50 F 9 45 25480 1) S D 1 L R TR Al vk
%f CWCB.GEB . FCAB .FCTAB 1 FFCB #4720 4, it
W F 7 f B A . CWCB+GEB+FFCB. FCAB+FFCB.,
FCTAB+FFCB. FCAB+FCTAB+FFCB. CWCB+FCAB+
FCTAB+FFCB . GEB+FCAB+FCTAB+FFCB f1 CWCB+
GEB+FCAB+FCTAB+FFCB ( Bl CWC-GEAN). It 4k, A
SCAR UK CWC-GEAN 5 4T RS AU HE 47 LU 35, 2R FH o

] Wilcoxon 495 R A6 56 56 1FE W0 5 PERE 22 S 0 g it il 3
P, ZAR N CWC-GEAN 7E BCI Competition 1V -2a 3 &
S FHEREA L T2 TH AR . - T8 mlR 7R (1 Ao s
AEunE 8 s .

S 56 25 S Al 1, CWCB . GEB . FCAB Fll FCTAB 3
AL )R B b B TSR A R RE . M BTG CWC-
GEAN I}, £5 AU i % B8 35 2 5 4, 00 i o 5 R R
85.45% , Kappa {H 7 0.806 , i1E W] T T4 A7 4544 i 45
PRPEFIARCPE . SR CWCB B, 580 i 2% R % 2.97
5T (p<0.05) , IR R EEG A5 5 56 Ak M- 25 -
BHRRIE R I RE T, SIS BHRERAE 9 2% . 24 BE GEB
Bf, B AU A 5 T B 1.97 A 43 45 (p<0.05) , Fi T ik
e FIH EEG 155 19 2 R , S 86T 423 145 B
Fde . Y[RIHINER CWCB Fl GEB I, #5551 i 20 T
3514 A 53 45 (p<0.05) , X B6H] CWCB Fil GEB P [F] T4
AEEAT SNBSS MI-EEG 15 5 L BUR AL A0-25 -FHARAE
PR ALY 43P RE . MM Bk FCAB F1 FCTAB I, 55
TERA R R T R 41.22 4> B 53 85 (p<0.05) , X i B X T
CWCB Fl GEB $& B4 4 - 25 - B REAE , A7 06 2R FHE
LT FE — A 4 BRI 56k ) 58 % 2 WA 0 301 Pk R A, 5 )
TR TG o A1l 18 9 2 01 - 2 - IR v 14 7 SRR AR, E
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100 1.0
R
| W@ Kappaff 85.45+ |
90 i 81.94+ B348 82.484+ 025 09
* 0.49 * > 0.806+
0.66 0780 0.77
74.65+ 0.759+ e 0.767+
80 |- O~ * 0.007 0018 -1 08
061" 70.33+ 0.026 .
0.662+ 027"
0 r 0.008" 07
© 0.604+
Fas *
5 0.004
g 60 0.6 g
& =
so [ 4423 0.5
1.28
40 | 04
0.256+
30 0.017* 03
20 02
CWCB+GEB+FFCB FCAB+FFCB FCTAB+FFCB FCAB+FCTAB+ CWCB+FCAB+ GEB+FCAB+ CWCB+GEB+FCAB+
FFCB FCTAB+FFCB FCTAB+FFCB  FCTAB+FFCB
(CWC-GEAN)
& # R p < 0.05.

8 IR AP RE LA

I FFCB o7k 3 T2 ) B 4R IR E A 74025
4.3.5 SRITHERMERELE

S B IE CWC-GEAN 7E MI-EEG 43 25 5 8 v iy 4
PO S YT R T L, 25 R K 3 Ak 4
7% . 76 BCI Competition TV-2a B4t 5 # , CWC-GEAN
B 43 S HEA 2R F Kappa (B Y R I i, MEAf %0 85.45%,
AT HoAth 7 1k 2= /0 75 4.63 1 [ 40 45, Kappa (6N
0.806, FH42 T HoAth 5 1k 2 /04 15 0.066, If H7E K L 4L
ZA A ERAR T w2545 R . M #E High-Gamma
Dataset 3% 38 4 1, CWC-GEAN [5] B B4 f% v o iy
95.09% , M4 T HAh i AR TF 0.71 4 H 43 4, R
A% T 0.934 1) Kappa {8 , i —25IE B CWC-GEAN 7
MI-EEG f#i% 455 i L R PR BE .

FEXTH 2 EEGNet S — i 5515 U35 B 22 1)
2, H 32 BRI R B B BURT 43 B 6 AU R IR EEG
55 PR IO 23 R AE R AT 43 251 EEG-TCNet f&— Fil
2t & EEGNet 15 [8] 5 FU W 4% (Temporal Convolutional
Network , TCN) [ 5% it A0 TR i 2 2] A7, FHORF TCN A
EEGNet [ % t v B2 IBCH 2R )2 U I B () REAE , DT 3R A5
T TS 1943 2880 . EEG_GENet J2& — ol HRAF 2% &
ik A5 EEGNet fAHZ5 G 19 7 i, Hol ol AR R sl 1y
JF A EEG 15 5 3R A5 B URRAE PR FH P14 R A 30 B
52" GECN J2—Fh4h & &l i A5 CNN [y 5 3%, H o
FIHE BB R FME B A B EEG G5 5, FEA
FHUR BE 26 BB BUS 25 5 AE , R FH TCN 2 B o 4 Bt (] 4
FENOL ST-TGCN B2 [ 18 ok iof e P 5 B e 22 ) 45, LA
FH 2 (0] 98 A B 3R R EEG 5 5 (23 () 43 9, R %2
JZ N ] 35 FRURE B 4 BOTR J2 I SRR AE |, R ) 5 L R 4%
5] LR ] 3 4D G &Y. Shallow ConvNet ' J2& — Fh

I — 1k i B A BT IR BT I 25 R s A5 R 5 TR
I 5 R 25 ) 24 235 6 TR I 2, R 0% S 30 DA I B 135 5 31
A28 H B o I SR AR AR . 5 AR O B[R] AR SR
H 19 CWC-GEAN BN H i N ¢ 2] MI-EEG {555 1) B:f 4t
FEOE AR B FEME ., TR PR 6 i s LA - 25 -
BHERAE . CWC-GEAN 1 a3 X B3 5 B A $M5 By 3
)27 2] | REME AT X M FRAE AT 45 R O 2 H P A R AE
DAL 17 e e P RE B I 75

#5845 T CWC-GEAN 5 FLZE BRI YE FLOPs 18
A P-4 3 RS ) Oy 1 4 % FE S5 5 . Herp FLOPs 38R
TP RB BB, T R () B R R A i PR AR
ST 447 $f B B [71] 39 % A U Kb T BN R AR B 14 S 2 i i B
[B), S Bl T AR AR () TR AR . IR BIALM L, CWC-
GEAN (1) FLOPs FlERE A 2 4 S s ) Fig A7 15 , 3
B TR T B 2 I 2S5, LA AE
N AR AR ELA FNPERRE I BE T . YEMCWCM H, R HiE
7 BRI AT A T o0 ST 55 O B ATURRAE | 7 B2 18 shAE 4
AT HH A — A8 ) e 1A A IO RUJEE PR 7 114 i 2 /N
B, DA TE G 2L i I 2k i 72 v B 3l 3 B 22 09 i
HERFAE s 76 MGEM Hf 75 B2 506F 5 AN A0 20 B 1 14 408 22
BT 2 2] PR, SO ] A A5 [ 3 1 2% 2]
F A () P DG 2R . BRI I, A0 A A 24 P g 5 00y o
T E A 3 T $OAE L . 3E i MCWCM A MGEM i P[]
fEH , CWC-GEAN figfg N & 2411 J5 i EEG 155 T 43 #7
Z AR BRI B s ) X 1 A
L H ) 1 B AR S AR DR e R T A2 4 R
2 S AR 0 AT 55 B B IE N e T . B SRR
TRUVE R T [7] Fsf 8 5 R A G SRR AT AR A 14 i,
A2 PRI AERL 22 0 5T 52 1) S B g FH



4346 (R . 2025 4
&3 ET BCI Competition TV-2a BB E SR ITH EMBRD SRR LLE
Stk EEGNet!"! EEG-TCNet™ | EEG_GENet | GENet”' GECN!™ SF-TGCN!™! CWC-GEAN
Acc/% | Kappa | Acc/% | Kappa Accl% Kappa | Acc/% | Kappa | Acc/% | Kappa Acc/% Kappa
So1 | 86.61 | 081 | 8577 | 0.81 82.64 0.76 87.00 | 0.84 | 8444 | 079 | 90.76+1.06 | 0.877+0.014
S02 | 61.82 | 049 | 6502 | 0.53 64.58 0.53 67.49 | 057 | 6869 | 058 | 76.46+1.33 | 0.686+0.018
S03 | 9132 | 0.88 | 9451 | 0.93 95.14 0.94 93.41 | 091 | 9335 | 091 91.81+0.63 | 0.891+0.008
S04 | 6250 | 0.50 | 64.91 | 0.53 74.31 0.66 7149 | 062 | 77.94 | 070 | 87.22+0.52 | 0.829+0.007
S05 | 68.06 | 0.57 | 7536 | 0.67 72.92 0.64 8370 | 0.78 | 77.70 | 0.70 | 77.22+0.87 | 0.696=0.017
S06 | 59.03 | 045 | 61.40 | 0.49 57.99 0.44 6093 | 048 | 7122 | 061 | 72.64+0.86 | 0.639+0.005
S07 | 88.19 | 0.84 | 87.36 | 0.83 90.97 0.88 90.61 | 0.88 | 87.39 | 0.83 | 95.84+1.14 | 0.944+0.015
S08 | 8299 | 0.77 | 83.76 | 0.78 87.50 0.83 8376 | 0.78 | 84.48 | 079 | 89.51x1.21 | 0.860+0.016
S09 | 8854 | 0.85 | 78.03 | 0.71 90.27 0.87 84.85 | 0.80 | 8221 | 076 | 87.57+0.96 | 0.834x0.013
WM | 7651 | 0.68 | 77.35 | 0.70 79.59 0.73 80.46 | 0.74 | 80.82 | 0.74 | 85.45x0.25 | 0.806+0.003
TE IR 4 R R4l 2R
#4 ETF High-Gamma Dataset BB 5 51T A MBS RE A LR
Jrik EEGNet!"” Shallow ConvNet™ EEG-TCNet™! GECN™ CWC-GEAN
ZiH Accl% Acc/% Acc/% Acc/% Acc/% Kappa
S01 90.00 91.25 85.00 92.50 90.46+1.80 0.873+0.023
S02 88.13 89.37 89.38 91.87 93.75+0.89 0.917+0.012
S03 96.88 95.00 96.88 97.50 97.031.07 0.960+0.014
S04 93.12 94.38 96.88 96.88 98.81+0.94 0.985+0.012
S05 88.75 86.88 95.63 93.75 96.40+0.94 0.952+0.012
S06 90.63 90.00 91.25 94.37 97.66+0.59 0.969+0.008
S07 86.87 87.50 91.87 88.75 90.94+1.87 0.879+0.022
S08 87.50 90.00 91.87 93.75 98.44+0.63 0.978+0.009
S09 91.87 89.38 99.37 96.25 95.16+1.48 0.935+0.018
S10 93.75 90.00 95.00 94.38 94.69+1.88 0.929+0.022
St1 70.62 91.88 92.50 96.88 88.90+1.93 0.852+0.023
s12 95.63 93.12 96.88 95.00 95.62+1.70 0.942+0.020
S13 92.50 92.50 94.38 95.00 98.28+0.60 0.977+0.008
¥i{E 89.71 90.87 93.61 94.38 95.09+0.22 0.934+0.003
TE DR 44y e A2
x5 SRTHEEEEMNEE 100 1.0
Tk Acc/% | FLOPs/M | BREACHERRITA]/s F5.411 o i e e e e L . 4'2-_ 0.806
EEGNet!"” 76.51 26.45 0.01 " 6690 0.790 h
EEG-TCNet™” 77.35 13.72 — £ 60t {06
GECN"" 80.46 40.20 — § 0.559 g
Shallow ConvNet 2! | 74.68 127.20 — = 4 e | 04 m
CWC-GEAN 85.45 173.32 0.03 »l -— g ||
== 11 Kappaft
4.3.6 EWEERFIMNETHIREEMR | . ~=- B Kappal
AR I MILEEG £33 R4 5 s Lt "o s 2 s

HL RS DR 2R B T, AT S RSB ) 70 26 PR . O S
R ) B8 A e, AR SRS 0 1 B0 A o e 4 B v 40 M
7 LB AL H W 75, XA TE 10~25 dB {5 M L RS T
R E VEEAT SRR SY . SEIR A BN R 9 PR .

H SEIR R n] i, AR P BEAE {5 198 L i T 20 dB A

ZWELL/dB
B9 AR[FEMEME AT CWC-GEAN i 1 B B9 5% 1R
REMS B U M ZE R 7 JE VR RE . (5 MR EL o 25 dB I, #5578
F HER 22l Kappa {H 43591 )7 84.22% #10.790 , #H% T A
N 0 Mg R T P R 3 BRI 1.23 A 43 s F10.016, 43
FNVEREA H BRI T % . 24 A5 Wk b R 20 dB B, VE
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K324 435, Kappa {H T [ 0.043. 24 {5 1 K
15 dB i}, #E# R T B 7.56 4~ @ 49 4., Kappa (B F %
0.101. 45 M 10 dB I, iR 2 A Kappa {873 5 F
[ 18.55 4~ 1 43 A1 0.247. 33X ] g2 IR 3l 4 B g
Z R T T5 Y, R I R RE AR R A /D, S
RIFEARAR W LLERBE rh 2 2P fE T 1%

5 it

ARSCHEH T — Pl T % ) SNBSS
Elit A B CWC-GEAN #5844 fiff R 1 4% G 1 3 F 1if
BTN 1 5 M LA TR 43 R 22 L EEG 5525 [ ARAE
SR IR AL CWCM AT GEM B4 12 3O il
G T MI-EEG {5 5 1 B 43 388 25 [a] 015 2, 75 F)
MFCAM F1 MFCTAM ¢ ] F-5 5 HA F] 1 (4 4525 -
FRAE B TE T MUBRSPERE . AL, B A28 AT
15 B RUGAT: 55 RIS A e sk 45 =, CWCM A GEM A
AR [ IE N, BERS AR 321 A2 sh A AT 55 1
A5, N SRR T A A AN s ]

T£ BCI Competition VI 2a B B A M High-Gamma
Dataset £(4 & I (90 3F 25 R R0, 5 HAW AT Jr ik fn
TH Rl AR L, CWC-GEAN 75 57 2 i 5 5%l Kappa £
AR bR BT XU EEG {55 2 2T s ]
FIF NI R IF A EEG B3 35 b, HA BA58 EEG {5
SR AT -2 RRAE B TF A3 2 5 5 0 ME R R AT SRR
RE 1. AN, /NI 35 o BIRE 6 14 X b S B 4 SRS T
Complex Morlet /NI 78 M f# 54T 55 A 9 0 B0 . 1 41
PR AR A 2 X L S 56 DU 2 B B B BB S AU
B EEG FMR Z B A 4R HD G R IF i — L B0 UE T BT 42
GEM X 4B FE 40 M O 5 2% ST e 1 . B A5 e He X A 7
i P BE S I AT 2T B0 IE T CWC-GEAN 754 e 75 3155
T TAEMERE . FEASR I TAE S, AT RA M 512 )
MG P EEG U (340 56 R sh ARt , 15
T1 LA I AR 4 (0 T 2 S AR AR B, LAE— 2B 4R A
T Bt P 1] AS W 2546 B MI-EEG {55 FO ft R PR fi
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