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Abstract

Motor imagery electroencephalogram (MI-EEG) recognition constitutes a crucial component of brain-
computer interface (BCI) systems. To better process non-stationary EEG signals and extract features
for effective classification, this paper proposes a MI-EEG classification model based on the Wigner-
Ville Distribution (WVD), two-dimensional convolutional neural network (CNN-2D), and long short-
term memory (LSTM) network, termed WVD-CNN-LSTM. Given that linear time-frequency analysis
methods cannot accurately characterize the instantaneous power spectral density of EEG signals,
leading to the loss of significant nonlinear information during time-frequency analysis, this study
employs WVD to extract time-frequency features from EEG data and construct high-resolution time-
frequency representations. Leveraging the powerful feature extraction capabilities and complex
data processing abilities of LSTM and CNN, and to exploit the advantages of both networks, a hybrid
CNN-2D + LSTM network is adopted as the classifier. The Softmax layer is subsequently utilized for
classification decision-making and recognition, ultimately yielding the MI-EEG classification results.
Experimental analysis was conducted using the BCI Competition IV public dataset Data sets 2b,
where the proposed method was applied to classify left-hand and right-hand motor imagery EEG
data, and comparative analysis with existing methods was performed. Experimental results demon-
strate that the proposed method achieves superior classification performance. Compared with the
CSP, FBCSP-MIBIF, and FBCSP-MIRSR methods, the classification accuracy is improved by 7.51%,
5.07%, and 4.16%, respectively.
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Gi[1]o KMFIASR X IR & = HLHR, Bl R0 AR AR TR N S5 8 e 1 4% AR R J, dad b A i
{1 F0 HLAS 5 S g A8 B A 7 3% O E ST B 2]

EXS Mo, BHEBER ST R S PE R R, WOE IR . IORE. TR
JULEE 455 1 0 2% A 5 PR B 28 B AIE ) B TR 1 N [3] o 6 T ik b R skeid, At ATT A0 KA e Zh g 1E B
PR LRGBS ThREYE R, IR Al AT BE 0% 1 28 MBI B B SR IEF 6 B S ILATE S, X — AR AT
AIFE[4]. By TR REFHUCEZI IR, WE—EEEIE, HEERRNE S ERB5
AR, T AR RS S LR O (BC)H AR AR A 28 A 10 5 0 8 55 7 I [5]. dLE: 1 R 58
SRR S /B & B B — M RS, IR, MMl DR RJE, 224 B AR AR
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5 RETA[7].
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B8 8 R HAE 5 (MI-EEG) [8]2 W45 i F I FAS 52—, X T H B K At 5 N H 22 24 N
WU RGO E ARy HAT, T MI-EEG RIKNLEE 1 RS CAEE RGBT ARA 7 —&
WS N B, FIFH MI-EEG Rk 4 b B F 2 sh hRe B E [9] [10]. A A R iRpEG EH e
W LUME J AW 51697 [11]. A BE 22400841, MI-EEG 88 RE S JE SR RE VI R U th A %+ 20 ) i
SR RT St fERREREAUR, AT LRI MI-EEG 4 B AT 5 e 4 Hhod il & S 35 i B e X B I F ok 5
I [12]. 0 T8 3h 7k, 18 B AR R 2R 7] LAE 2 30 010 BARZS I sk B AR LRE 10k & - 25 L AR,
XFF MI-EEG I T8 AN 10 /2 70 RHITF UL /& A= 3 Hp AT 26+ BB 3 S N A5

BEE VR 2 2 R R 8, EEG 15 5 140 S0 7t O K N IR B 27 ) 5 kAR v o KU 2%
CNN #] LLE#2 )\ EEG H%% 2] ERD/ERS ik A U H HUZ IR S5 #4[13] [14] . 11, Lawhern 5 Solon £8 A
$EH ) EEGNet 3% /2 CNN B, g 2 /NSRRI A LUFT . BATHRIE M &, AR EEG JEi6(E
SHRIL A A S5 AIRFAE, 25 5 oI AR Y A LR AR Gl a8 % 2] 7 VR A AR RN 4 25 M BB [15] . XF M-
EEG (17325098, CNN Z5 89 (1 LB RHIEtH OO FE 2 Tt 78 Hh 1S 2E W] . Echtioui Z8[16]HIH CSP #2 U2
(R 5 /N AL 2 AR B IS4 4E, % CNNL. CNN + LSTM. CNN-SVM 5 CNN + LSTM-SVM Y i
S HRERIIEAT T AL, 45K CNN-SVM B A B lF it 5308 . Xie SE[171HEH T —F¥ 2 SCHI AT
PR 22 X 28 PRI 2 ST B0, 8 SRR WA A 43 S HERf 2R _E AR T Al S 3t 5 i B AL - 5T M-
EEG 732Kl fl, RFFSRIS 2R a8 MR 2O H B, W sR U Al L& MI-EEG 4 J5 1) Kk

FE G100 LS SRR SR I T 7, RBCEAER I A I AR S 2 X LR T . B S8Re E 32 B4
YA % WEREL IWPE. Hjorth Z244[18]. Z&HWBN 51T (DFA) [19] [20]. 71T 4634 [21]. Lee 55[22]
SREL T ZFF SO 20 BISEEL 7 2530, IR ARIRRAE, R0 = ARRAE 5 4 2R AR I 4 284 kAT T
PLe, 45 e W I SRARRAOE 5 05048 1 T A28 1 000 o W 2EL 6 19 20 10 0 R B R i i o ATUSURRAIE 32 B 5
IR [23] 5 Th L % F (PSD) [24] [25]. Herman Z5[26]15% Y i A5 5 R (AR 712847 1 Euds, 4551 %
BTN 235 % JEE MI-EEG 4328 B B i B et S5 e . 2 SR iE 77 T (R T 9 8 B4R v 56 4L 2 ]
1EA(CSP) LA 5 et o Al S5 [27]472 H 258 1 In 48 12 )0 46 CSP (DL-CSP) 1 52 /R b AH 5¢ 2 (PCC) )
FHEREE 7V, HE =B FIRAIE T %07 VAR A B 7 e % .

A3 3 A A o DLROAS 5 B0 B30, H I A/E CNIN IR i3 AR IEAT EEG HI2 TS5, il tnsii
TEREAE[28] [29] K H —4EEMZ[30] [31]15F . B AIURHIE 1] AR 7~ 5 7EA RN [R] S804 e, I4% A
(RIS 4593 W7 5904 S ) 4 B M-8 8 (STFT) [32] [33] /N AR (W) [34] S B #e[35]. A /KA B A8 ke,
FEFZHB6HEH T —F e # AR 5 (DWT) 545 H 4afid (CAE)H S5 & 1) MI-EEG 73 K51k, B i4h
RN ZHPAEL A TF MI-EEG 43 288 A AH Lb oAt 77 vk A S AR I P % - Mahmud 25 A [37]42 T —Fh
TN AR (CWT) I 22 G i AR AR IE R R, JF 5 CNN AHZE & H T2 00, AR 5T CWT 35
REEJE LI T AMEE S CWT REEESE TSR, UBMRIHEE IR, SRBIIZEE 2 285 3 Ky
B L, S SRS R R A BT Th. Liyanagedera 25 A[381F CSP. STFT 5% WL I #H 20 I 2% HH 45
HHTEESIERAR B SR IR0, SRR RE RN EMH CSP. STFT i —#H 4 & MEIE,
PRT LA R T re AR AR AR B (9 43 2 . Liu ZE[35]48 A S AT H B EL T i B RS S AR A S TR
W FERTE T — AN XA I 28 SR g o3 2588, BRIDIEBA T AH A3 N RFAETE EEG Al o 1) FH 1
S DL B G ]y S TSR B T RIS VR S e 4 IR S5 A 7E EEG 2RI 7T AT AT, (R
TAEXT EEG A i Fl RS 5 2% FE 55 I 1A) 2 [A] (1) 5¢ RABEATRER I, STFT WT SIS0 4 A1 572380 2 R F (1 2 1k
AR A SR ECRIEAT 0, TR R R AR R, SR X Ee 2RV (R I 5050 AT 75 25 4 7R S 45 5 1A o AR 2 ik
S, LSS ER LG EEG 155 3T HER 4

DL, AR SR ST AR 2R AR 311 Wigner-Ville 4347 (WVD)F2EUZ 3048 Gfisi LS 5 1 455 E.,  JF
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PG T 4EB L R 25 (CNN-2D) . KAEIHEIZ M (LSTM)FHZE &, #dEF WVD-CNN-LSTM %>
FRHIERL, pok, RA WVD 80K EEG 155 5 50 BImf s, 32 T 25 5 2 s B e A
SRJG, K LSTM 5 — 4 CNN HHT45 415589 CNN-2D + LSTM M4 1F N4y 258%, KM Softmax 2% MI-
EEG 15 53T /- KRN 545 R th o SRIegs BER W], ACHEH WVD-CNN-LSTM 57448 MI-EEG (143 2K
IR T BERS B4 KA B, 54K EEG 4r JSBIIAH b ELAT 5 14 SRS B R bR

2. WIRESHIRMALE
2.1. BCI $iiRsE

AT T 1 Bt S 2 K E T BCI 5238 IV 2 3L 4R 5 Data sets 2b, i80S 2 5 TALE A A 1
AT R R, BT 9 A H I EEG B, X 9 &L H BN R T HAL ) IEH 8
WL JE B RIIEH AL ST, AR ORHRER 1 H1 000 i DRI S8 45 R i 5E . EEG R E i &) 1 s
S S Bk H T Cz. C3. C4 X 3N MM RIZEE R, REEHIF Iy 250 Hz, FrffE 5 8di#is
17 0.5~100 Hz 17 il 5 50 Hz [RGB AL EE . RIS 7 HEBRAR s T4, I R4 T IR H Bidis
HR L AR A ] 2 B o BEALAZ IR IR S B0 00 0 ol A TN BN B, il i AN JE S BRI I R 00
BB e = ANl R IC S BRI B, TR SESR B B R AR LA 3.

FERE R AR T, LU0 H PR AREFT B R Bf 1 oK AR B HEAT S5 o BT AN S sk B b Bo
RS SN A6 I i B Sos — AR AERE— 4> 7T0ms IR H 3R, 1s JRhismrh i+t
PRAR A EEAT 1 220 T IS B AR AT 55 A O N 800 2 st R S, ISR AFESE 1.25 s Jim, SRR R AE
3~7 s I BE BT IS S A SOFA3 2R M (9 EEG #d, ML e H T MR EE D 1.5 s. e =1
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Figure 1. Placement of EEG electrode
[ 1. EEG BIRHIME
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Figure 2. Placement of EOG electrode
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Figure 3. The process of a single test stage
B 3. AL ERIRIE

2.2. HiETmAE

AT FUR AR AL P S T EAE = 0. A ilgE . Z B0 BT IRIEMRE bk B
55 R H 8~30 Hz ] Butterworth 7 i JE 88 K BR U 4a 5 5 A T B RVIRINERS 5 R 7, fRE 1 24
WETEN GBS R O BE B R A TR AR o BB BB, TR TR E Z 7 . D NEBESR
BRHABAC Fe A6 A 22 R 1T A] BE P AR AR R, I I JE S B AT Z 28R — AL, AR 2 E
AR SIS I B2 18] B PRI AR AL o g BN IEIE I 8 e B Bcdfa oo 25 1 2B Jm B AARHE 22, A DR P A 3
BREMEN 0, T2 1, SEBUITA BRI 214878 e BT SEie b SRR i IR BRIZ 3l s LA 5 231 AT g
PRAEETIE S, N TR L XA AR EEE AT T kR TIRIE O R, KA
Hefa S rh ML BOE RME 3 BB R B 0y NaN,  JF B 255 B b B D A 45 21 B (8 B el T i By
NaN fe, [FIFRAH AT Z % (CAR) TEMNE ST 5% .

3. #T Wigner-Ville-CNN-2D-LSTM # EEG iR 5|
3.1 HARBIE KRS

AP AE ) 0 R S5 1] 4 Pos . B exi2eid 8~30 Hz w7l . Z 7 #UH— I 5Bk
TRACPER) EEG HHmHEAT IS4, SRH] WVD $REUH I SURFAE, WIS REFS 2] EEG K w70 3 A 43
TR, B R REMIE B AR RN CNN-2D 5 LSTM 45 & 15 883047 3 — 0 R IE SR IS 43 25
FEAWEFHTHIET CNN-2D + LSTM 2285 rh, & 5B A RelU i s A )G AR R B sh R HURR AL,
BEATHFT A 2 x 2 SRz, Sl g ERWE. LW NEREE, Bafii LSTM 5 4iEk
JZ (FC) &5 G R I 28 I Rt B2 TR BE 4t SRR E 4T 73 9%

DOI: 10.12677/hjcb.2026.162004 45 TR


https://doi.org/10.12677/hjcb.2026.162004

R, E 30

M- - —mm————-———-——- i i e i i Time-frequency
! Pre-Processing : Analysis
1 X 1
Amplitude- 1
EEGData  mm W m) B ) | fat  @m)  WVD
l zati

Flatten - Ma(x;)?; ;ZD - Conv2D - Ma(x ;:20 ;ZD - Conv2D

Classification Structure

LSTM - Dense - Softmax

Left / Right

Figure 4. Classification model structure

Bl 4. 7 3AERILHY

3.2. Wigner-Ville 975

XF TS S S S A R PRI DL, X T RS 5 R 5 B0 4 )R e Rt R I i A 1Y
DAL R 1 A AR 5 A B (R A8 A B A5 0L, 7 MR ARt R RHE 5 34T oA, BRI A Ao B8 4)
T 77 V04 B AT A bR BURT 23 S 2R MR I 35003 A7 55 RUZR PRI AT A0 BT, SXORR IR BB A0 AT o 5 DL 26 7Y
B AT A 2B STFT. Gabor JEFF. WT %5, (HARAITCIEXHE 5 BEET D)% T #iid, &5
S5 I EE > AR LR VRS BRI A vh b 20, I I R RIS A0 BT el — el B B TR A I A A
ik

ZRBLI A M AT T IS IR R BB AR A e, AN T R R A A BT B 1 2tk B
TP 2 — kB0 . Winger-Ville 4347 (WVD) & — AL 47 o foe o P —Ffr, HL AR B4 i 2 —
W B LR S, W RS BE R AR R SOR IS P 1) 20 A, AR T oAt R B AT A A
LGS WA I ECE R, R — e e LI m (s SRR I 73 P [39] . DR A 90 ik 45
WV/D {E NI AT 75 15K 06 TRAL R IS 1) EEG H54 $2 B ATARFAIE

BT R B RAE AN B 2 43 515 5 I 2 A SUITF 4, XA OKSEMR T B2 BT (1 25 3R [31] . BRItk Ay
TR WVD AEAERIAE XA, 8 e i ZR i 5 5 x (1) B otz a, (t) [40]:

a, (t)=x(t)+ jHT {x(t)} (1)

Forb HT{ 14 Hilbert 22 [41]. (1 TA#HT(E 5 a, (t) K1 WVD AAEFERE X, RIEAS 203 s 515 B K9
%Ko FIHTRBBIGER SR £ (1), LR 5 R Ao JE %
__1.do(y
(1= 2pi dt
HoR, 0(t) ARRNHE S a, (t) MG, 73BN (55 SRR, it F R HE WVD:

O]
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=" Tla 12 F |e-izpief
W, (t,f) Iwax(t+2jax[t Zje ot ®3)
HbidIE WVD 153 7 EEG 15 SN SIURHIE, 7] F T80\ 5 Z2 10 X 2% rh gh AT i — 20 R IE SR IS 43

e
3.3. CNN-2D + LSTM 4&#!

LA 2 X 4% (CNINY BT DA FH JH: R MBS w3 B2 TRV, AT N A2 28 (ANN) S B R
TR, AR TR, X R R TR I AR R CNN SR L S5
ANN ToiE5E IR T 55 . IR, CNN 2 i R R IESE B AE 71 5 %0 2 2«8 i b B AE 7, 72K
GARA . B AR S 2 T T2 IR o AR AR IR R T 4E S AR 4R X 4% (CNN-2D) R T iz sh A8 5
i FEAS 52, FFHAT SR EEG B 5 RSN EGELR, SIANT KERICIZMELSTM) S
CNN-2D 454, F:[FEIZHEL T CNN-2D + LSTM 433548, %4 2R9e i R & 5 Fios:

Flatten @m | MaxPool2D | gy Conv2D 4um | MaxPool2D | oy Conv2D

(2x2) (2x2)

LSTM - Dense ‘ Softmax

N

Figure 5. CNN-2D + LSTM structure
5. CNN-2D + LSTM £5#4

XFT CNN-2D BEPINERZ 5P 2 x 2 i Ritfe)z, SR PEH] ReLU o B0/ A0 s 4.
ReLU R AT CLEE RS T A IEAE AR 0L R T A B B BN 0, ARSI T AR RFE AR R, 1R
Koo 3mSR

ReLU(x)=max(0,x) (4)

i AN HHE a2 CNN-2D B AR S5 AT AR LSRG, 5 TR T2 )5, i Hh AOARS ALY
BIAZE] LSTM 2 528 RZ #4770 98. LSTM JZRH] tanh BAUE sk 8, ockon 4, JFHOMBi IR
WA, ¥ dropout IKE N 0.5. 5 RH] Softmax 258 7 4 R, 4= 5 Softmax JZH)
MO0y 32 A1 2, Herb Softmax Z M TR 5 Tk AT S AR LK L2 2. W R
A AR R H, ] Adam fEfb s, FEH52A 2 R BEE N 107, CNN-2D + LSTM 2% 73 FAE AL
PEAIAHC S B B T & 1.

3.4. WEIERR

AR PR Z R T 73 BV BE PRSI PR fia bR #ETIZ (Acc) 55 Kappa %% Acc 2702
B IER o KA FEA L BAF AT OB, 10 Kappa RECHE GO T AL 55 1 — BiEA 3, MR
KR, MRS BEAL—SEE R . Ace 5 Kappa REIE AR IE R~ (5) 05 (6):

_ TP+TN
TP+FP+FN+TN

Acc )
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L, I

K = Acc—p,
1- Pe

A (B)H, TP (True Positives) AR IEZE TN IEZR I FEASL, TN (True Negatives) Ak 5 S Tl oy 41 28 [
A%y, FP (False Positives) K 51 S T 1E 2R IFEASL, FN (False Negatives) AR 1E S T A 71 28 FIFEA KL
X (O)H, p, ABEHLIGNK Ace, BARMRRE . BEE—RMSEBRREAR D 5N a),8,,8,,-+, 8 » 1T SEFRTT
M R — RS REAZCN b, b, by, b > BFEAECH N, W p, AT AR IR N:
_a;xb +a,xb, +---+a. xbg

nxn

(6)

Pe (7

Table 1. Parameter settings of CNN-2D + LSTM network
%% 1. CNN-2D + LSTM REHEHIE B

W 25 J ERRH BB wikEn RIS PK B e A ZHE

LHE 4 3x3 - same 1 RelLU 40
k2 - - 2x2 valid 2,2 - 0
HERE 4 3x3 - same 11 ReLU 148
A= - - 2x2 valid 2,2 - 0
Flatten = - - - - - - 0
LSTM - - - - - tanh 14,864
EERE - - - - - ReLU 160
Softmax /= - - - - - Softmax 66

4. BR5R
4.1, LR

N T HE AR SO R TR SRR R AT AT M, AR SO B0 SR b 1 SR AR R 2 s e . 2 BuE—
s FETIRIE A D55 2 B 55 A 31 5 A3 2 R0 8, AR Wigner-Ville 4341 (WVD) 13 B LN SIURFIE 5, i
AARTCIE ) CNN-2D 5 LSTM MHZE G 150 K288 h kAT 70 28, JHH45 2110 70 B850 45 5 5 R Ang %5\
[42] Frd th 1y S 23 [ AR U BVE (CSP) 5 43 Sl 45 6 1 2 F HLAT B S MR ARRAE SV E (MIBIF) FI S T HLAS
(A RE RS £ 240 ] S92 (MIRSRY) [ 98 0% 2% 2H 3 2 [R5 30 AR 2: (FBCSP) T 453 21 1 43 28 S 38 &8 SEAT T X LE,
SRR T 10 P XK. % 2 JEon 1 RO S AN R AR AR SCP i ) VR SR 5 STk [42]
KR J7 1) Ace 5 Kappa 18 45

4.2. FHEMEESHELTTIR

MRAE L 1 g B oR, AT SCHR[42] 88 H I S 0025, AR SO iRt M iR U T e 38 4
FHERIZ 77.1% 5135 Kappa & 0.541, H HAERR T8R4 540K 6 LM R #E IS T s 2k
#Eff %5 Kappa {H. 1X—45 5700 0E 8 7 A SO e B 75 i B AN 1) 7 K 1 e

SCHER[42] T2 (3L 23 [ A xQ A2 (CSP) 5 45 & T 282 T HLAS B 1 B MR IE B (MIBIF) R T H
5 IR B RE B2 2 A A (MIRSR) BB 7 41 3L 2 [ A B (FBCSP) 40 I3RS 1 71.7%. 73.4%. 74%¥15)
FUER 5 0.438. 0.475. 0.502 ] Kappa {6, X—Z55EH, HET MIBIF 1R A, MISRS
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AEIEFEHE L T im0 2 Kappa {H. [FIRF UK W], 7£ S1. S5. S6 =Mk ' MIRSR L5
R IERAE: 75 S4. ST, S8 =4 MIBIF FHIEL VAR DA M 1E S2. S3. S9 =Bk CSP
FERI AL, Hr il 8 £ MIBIF FHEE £ 5L S CSP Bk T /- RMEH % LW i 22 0 CSP &
12N 1 Kappa (i 48 = o 153X = ANREEAT X b, AR SCTEAE 2 70 R HER R 73l 3 1 7.51%.5.07%.
4.16%, f£ S1. S5 WA HIRE FARXT T MIRSR HHEE FESIE 7 SHER R 073l $2 1 1 8.95%. 1.39%, 1
S7. S8 M il FE AN T MIBIF FFAE LR #5357 FUERI R SR = T 1.46%, 7.61%, £ S2. S3. S9 =%
ek rh CSP 5Lk JUER R A4 H T 9.33%- 4.04%'5 6.84%.

Zibpng, M TR GRRER R S 5k, At R WD 2l MI-EEG 4 ()
I ARRFAEIF 5] N CNN-2D + LSTM #5284 3 AT 73 I T7 1%, REME RN W] L2 i MI- EEG 117y 2K ik
W%, BABOYRIFI D RIERE S AT .
Table 2. The method used in this article and the method used in the literature [42] compare the classification accuracy and

Kappa value on the BCIIV-2b dataset
2. KX ESHR[42] R B 75 57E BCIIV-2b ¥R L5 20EMER S Kappa EXTEE

CSP FBCSP- MIRSR FBCSP-MIBIF ATk

Mok #
Acc Kappa Acc Kappa Acc Kappa Acc Kappa
S1 0.607 0.274 0.631 0.372 0.622 0.336 0.688 0.393
S2 0.538 0.059 0.517 0.028 0.503 0.022 0.588 0.174
S3 0.574 0.157 0.553 0.112 0.562 0.139 0.597 0.194
S4 0.925 0.845 0.950 0.929 0.963 0.933 0.932 0.865
S5 0.776 0.559 0.865 0.719 0.850 0.703 0.877 0.733
S6 0.527 0.036 0.637 0.375 0.594 0.189 0.597 0.194
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