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Abstract As a paradigm of brain-computer interface, motor imagery has a broad application prospect in the
field of medical rehabilitation. Due to the non-stationarity and low signal-to-noise ratio of Electroencephalograph
(EEQ) signals, how to effectively extract the features of motor imagery signals and achieve accurate recognition is
a key issue in the motor imagery brain-computer interface technology. Aiming at the classification and recognition
problem of motor imagery brain-computer interface, this paper proposes a new method combining Gramian
Angular Field (GAF) theory, Convolutional Neural Networks, and Long Short-Term Memory (LSTM). First of all,
The Gramian Angular Summation Field (GASF) and the Gramian Angular Difference Field (GADF) in GAF are
used respectively. GADF algorithm represents one-dimensional motor imagery EEG signals into two-dimensional
images. Then, a targeted shallow Convolutional Neural Network (CNN) model is designed to realize the recognition
of the image features to complete the motor imagery classification. A 4-class validation on the BCI Competition IV
2a public dataset is performed on the motor imagery task. The experimental results indicate that, in both single-
subject and multi-subject scenarios, the GASF-CNN-LSTM and GADF-CNN-LSTM models exhibit significant
performance improvements compared to other state-of-the-art models. Their accuracies surpass 87.66%, with the
highest accuracy reaching 99.09%. Moreover, these models demonstrate strong performance when handling data
from patients with motor functional disorders, further confirming the effectiveness of the models. In this paper, the
time dependence and the image generation and representation technology of the corresponding features of the
motor image EEG are discussed, which provides a new idea for the feature mining of the motion image EEG.

Key words brain-computer interface; motor imagery; Gramian angular summation field; Gramian angular
difference field; convolutional neural networks
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fli—#Ml# H (Brain-Computer Interface, BCI) &
KIw 5B BN ERRIE, s AP 54
FrE LV IE MY AR — Mo AN HLAE BT
3 AR IR 28 2 AL AT R .

1@ E AR AR BCT I — N a X, g A%
B 1& 218 (Sensorimotor Rhythm, SMR) {5 5,
I NHEAT EARIE 3 B8 R ARIZ B, R R 2 K
WIS B X SMRH ILIE sl RS IS, IR
JR iR A < [F 2% (Event-Related Synchronization,
ERS) E{FFHHC LRI (Event-Related Desynchro-
nization, ERD) P, @@ & Wi—HliEE 0 R4 0] LA
i ERD/ERS MIAN IR MERS P iz sh s &, A
T 42 i AR BB 15 £ o d2 B AR RS 75 AR SR 75
K EEG [ HALIESN, AN 75 BEAT AN ) 4 B A A &
2, PRLMORr FH P RIBIE 9 3 1T & 48 FH B O 7 (AR EE,
BAEETZ R R A, mT MI{E52
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Y, HAG S/ 523N E LR T Bk, 42
S SR G R RS — A B PR Y ) 2

12 ) A8 GARYE R AE S IR AN [R] AT By A%
GUNLAS 5 I RIREE 22 I M. fEAR G35 ) J7 1,
I E PV RHE S IR R AL A AL U (Common
Spatial Pattern, CSP) 5% DL K& (928 Ffr . 3L 25 ]
HiiEREz" (Common Spatial Spectral Pattern, CSSP)
FNJE 22 2 (a1 (FBCSP) %5, kL4t
BT AR AR A A EETAR IR, FE 9l i [) ) [ e ks 75 2
HEEN NI LG DA RSB i AR EEAS N6 DA
KA RN T & Mins, HEeBHrERE,
R4 T MLAE 5 IR HER R B .

UK, Bl S UR LS I B AL ANE 5
PSR K&, F2 R aafHRE S H
EHAT IR EAE S A . SCHER (113 T 3R A
TBE B R ERERME ML (Convolutional
Neural Network, CNN) 17 (Shallow ConvNet, Deep
ConvNet Il Hybrid ConvNet) , R T£4cH) FCSP
HERRIET T 1.9%, BARIAAKR, HLUEY T
WL EATFAL G LR O . Sk [12]
P22 CNN 55 EEGNet, B 5 40 3 J5E 46 i H
B39, fHZAIATHFAT ISR DR 25 2T RHIE
UL, M TAEG 7RIS 7 AR ERE . SR [13]
7 —F CNN 5KR 124 (Long Short-
Term Memory, LSTM) HF ik il & B9 5%, fiF H
CNN H1 LSTM 4 7 52 B 7 (8] A R RRAIE, 2 S 7E
2 AT R AE RS, /£ BCI Competition IV

2a ATTFEE S FF B HERRIE 87.68%. TRk [14]
et 7 M2y ]2 RERERAZ M Z (Multi-
Memory Convolutional Neural Network, MMCNN) ,
i FHAS R B B KNP K AN 73 SCREAT R AE S L,
BGREA 2 ANMFIEHEHT MI-EEG 228145 . SCHR [15]
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HS-CNN, fif#ih 7 5 — B BUZ R ] 43 S A 211 1)
@, 7E BCI Competition IV 2a A FF E e 4E P 5 Ui
%Ik 91.57%. SCHR [16] #&H T —Fh &5 & A [F 4
5 184 5 4 A (1) o ) vy CONIN A, 4o JE 463 i FELA S
5, 8§ CNN-Attention-Dense 22 #4 2 HU S 7% )2 K
HIFME, 7E BCI Competition IV 2a %#ii 4 P15 #E
%35 93.66%
REREFABEMEA CEE TR AT
P, (HEIEE AR, XXEINSIT A R
M. PR, AR Z A5 EEG —4E ) 7 41 FH —
YERIR, IRJE TN R 22 X 2% 452 Y vh AT M-
EEG 73 RAE 55, Hord i WA J7 12 5 T 5
ER) —4ERME RO . WSCHk [17] et 1 —Fh T
ISP A0 AR 28 R 2% 0 SR ) D5 %, Aok D R £ R
AR ORI L S oy R, SR JE i
TR 27 S RILES 7 ) () 7 3 MR I3k 4T 2
FKo SCHR (18] 4R 1 — b T IR BN Ay An
( Quadratic Time-Frequency Distributions, QTFD)
BN 2% (DenseNet) HIH1 A MI-EEG 73 255
B, Al QTFD i B /5 5 4 oy Al SRS Al
FH DenseNet 7 734 B 4 ] 1) S0 9 418 F0 7K B2
fiEo SCHR [19] P /N B AR okt 22 30 18 i B A 5 7%
Wy Y SR, M E T — NP ) CNN BER i
ITHRAE$R B 5 4y 2570, 7£ BCI Competition IV
2a 7K 85.29% M- HERIZ . K EEG Ram N =
ARG E, HT B R AR RT LN A 3 BCI
IR AR T, H TS 5 R R, EH
I A3 53 A ) 4 3R i B v 2 O s A AR 2R VS
B, AR 7 B OR B LS S I RE B, JHET
SRR 4> A R
Hil, CafaRHKA® MY (Gramian
Angular Field, GAF) 775 7] LI 8] 7 51 R B 5E %
HHELR A RFAE DA B TR Gn Sk [21] $2 4 17 —Fh
254 GAF flifi I3 (Recurrence Plot, RP) F T ¥4
PO ZURER 7y KR, H GAF 5 RP J7 5444
P73 2N ik B e By —4EEIR, BREE SRR
K B VGGNet #4770 K00 . SCHR [22]
P T —Fh4E A GAF Ml DensNet f15E 35 48 % fii—HL
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POy, i GAF BB S EEES
e N RTINS LA SE B ) DensNet 73 26458
R BEAT 02K, HEWIARIEE] T 90.68%. XIEH] T
GAF T A5 5 70 R w47 1, H 2 fl Al ] 5k
{8 FH CNN BERUAT A SR IR 2 JR S RHE, 2 2
A A I TR AH S, 2 T PR HE A 2
g5 ERTiR, GAF J7V5E9R4h 1 2 TIN50 73 A1 1)
THRB IR EZEE B R RN, e e
SRR R 42 it 5E 2 i AR Gk A I TA) 7 T8I R4S
B X SRR DLEHMR R AU s ok, (B TR
BRI AT A3 . R, ASCE BN LS 5 1 HEL
P, A H GAF B ig ()46 B 48 M Ald% (Gramian
Angular Summation Field, GASF) Fl#% Hi 4 /1 2= 3%
(Gramian Angular Difference Field, GADF) ¥ BCI
Competition IV2a %45 2 h & M 2 3N A R A5
SERNANZYEENE: RE, WIHERX IR CNN
RUORBEATRAAESE I )5, A LSTM 7873 5 1&
R EUR Z F H I (ARG, 58 ot —4E R R R
(138 BB RARFIE I 73 00 . SeBeaE KRB, AR
T3 AR T HoAt 312 B AR G LS 5 R 7 v

1 SRR AL

1.1 BUE&EEN

ASCSELR A T BCI Competition [V 2a g4
DA B R R R 2 i iR B 2 4 1) i 4 B S IE )
MEEARER, H T T2 30 AT R

BCI Competition [V 2a F #4075 9 &4 4% ik,
oG PR A LS T 22 /S FR B R 3 AN R FLEIE
KAEZ R 250 Hz, LR W& 1 frs. fEi%5E
R, #OA R BT 4 g sh R TS, By
MBRELEF. AF. &k, WHMEs), B4%K
FHAEAS[F IS E) A0S 2 SR BE, 4LE I
6 MR, BN A 48 Mk (HP: 428
e, BIRMERHLIEAT 12K, 3 4x12=48) ,
D455 20 Sz 96 4 3L A5 288 (6x48=288) MK,
i I — SR A AR, R R A AR
—H4.
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AR R 2 B R B $R At A o A6 v (o s B

MRS 50 4 BH SEM A gk,
HLACHR AR L 29 AN FARGE TE . 2 /MHR F @ TE DL L
1 NSHHM, RFEEFEN 500 Hzo %L F AT
B R G F ARG TR K, AR
40 MR
1.2 BEFRLESHERE

B 3 T KA £ 1Y) TR B[R] H A i FRLAE
AEERRAE AL, FESS VAR LR B 4GS BRI R,
T ARE T AR, BT SR AT T 2 RRIR
SR I N ) Ll = s L1 U= S E R VA
Butterworth 7 1 €7 2% K 3R A5 R HN12 215 A
KM EEG #i B, F %445 alpha 3 (8~ 12 Hz)
Al beta ¥ (13~30 Hz) o 3CH 5 Fisi HL 5080 10 T ik
P 13T EEGLAB Al Python [ T. A fL5¢ 5, CNN-
LSTM #E% F§ B T Tensorflow HIHEZR$E & . ffi
GASF J5 7% M1 GADF 77 ¥ 48 i) — 4k - 15 43 0 1%
8111 LIRS AN, Wi R, FF
A W 2 BRI ZR AN P 2 7E L %% Nvidia 4 090 GPU
IR 4 b 58 il
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A SCHR ) EE T A% i A 3 F1 CNN-LSTM
BRI RERER L WE 2 frs. B, ¥
2 TAL 3 5 1 — 4k B AR R WL (S 5 GAF
16 o ) GASF F1 GADF %4 Y oy — 4k I % 4
fiE; SRJE, A CNN BEAUHEATRFESE L & J5 F)
Fi LSTM %f CNN $& BB (1 RpAE EAT I PP 2 85, I
T I A TR E AN A )R 8 s SR
22 WBABRARHEE

HW A (GAF) &gt — 4L 7] 7 51
FORNZHEEUR IO, A DLRIE R GBI P15 5 1)
IS T S, I EL AT LLUSE AT b 1 A S AN [
I B BRI AR A I TV R AR R R .
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K 25 58 WIS TB] PP 81 X = (xg, 20, 2 T n S SEBR
A B 4R R [-1,1].
(x; —max(X)) + (x; — min(X))

max (X) —min (X)

X, = €]

L, XRRESHIXN [LIMER: X
55 i R FEBE 1, 1<i<n; max(X)Flmin(X)#
TNEE G I B R AE AN B ME
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GASF j, =

cos(¢1 +¢1) cos(¢1 +¢2) cos(¢1 +¢;)
cos(¢r +¢1) cos(da +¢2) cos(¢2 + ;) 3
COS(@i+ 1) cos(@i+da) o cos(di+))
GADF(,‘J) =
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VR, T AERRAE B R A B L 1R A SRR AE
(3 @bpiEdBsy) - Kk, GAF HiEm ¥
G LA 5 P 728 A 58 2 Pl S5 381 — 4 R
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B SE SI8H T- BUR 73 2R ) LA AR . ResNet,
VGG il GoogLeNet 55 . {H & ix Lo 53 7Y 3 i #1722
R HASE 0 $ i SR 3R AT I S, T i b 500 4 38 AR
BN, EDEAE ] GASF A1 GADF J5 v 7 i — 4
EI&, 13 201 B B0E HIA A B AF I 2R 3008 .
BRI, ASCTt 17—k JZ 1) CNN-LSTM #27Y,
TR HE S0 B G P 2d BT o ASHIF 90 81 H A9 CNIN A
HEZEERE. ZEEN—Z2EREZEd
B, LSTM HEEAY B 64 4~ LSTM cell fil 4 iE 82 2
HEk. HAmMA L2 IERL A EIH—1k (Batch
Normalization) Kig/DiL & . AT HAEA IR H
(PIAE B8 2 15 Be 96 70 0 S UK R AE, W iT AN [FRIAE
ZE) CNN B AT SEEGIGAE, SN ik 1 fr
e BEEGREAAEEBEm, 5>
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RBFEZIRTF, HEB=EEREM=EBLE
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FioR e 456 I R 88 R AR 4R 16 oy SR HE R R 5 81
K, KL/ HPERBOZZERZE. ZZMLEZE
FLSTM &5 ¥4 g % 70 7 12 U fL (5 5 — 4E B
RFAE

Fz1 FEHEZSLIMATS

HEZE HRZEH LR =S TR AL
C-P-Fc 1 1 128
(C-P)x2-Fc 2 2 128/64
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(C-P)x4-Fc 4 4 256/128/64/32
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Torhr. m, WMAREMEES: R, I
22 /M BLE TE N ) #Hfs . 18 GASF #1 GADF 5
NG Ry YRR, DS U5 B[R] AR A 1
FHIE

Wl s fiow, AT ARIZSEGAT SR, f#
F GASF 1 GADF £ i (1) A 7] iz 3l 8 S AT 55 K
%, VARARFLNE AR GAT S A R@IE 2 1) (X H
7R C3. Cz fl C41@IE) HIEMGHRA & 1R I 2
Mg, SUREZER. Ba, LR ENAL G
Sk I G o SR 7 AT AN R IE B A AT 5593 2K,
8 H CNN MG 2 B 2 1 s JOREE . B TR
J& 2 SR RAE T ML 5 A R 2 2803k 1 7 vk 2
SR B, B HRE SR AEIR, REE EE
HH R R IR 241, A 5 XA FRIZ B AR R
HATS, MTHE 7 SR

EF AT Fk WM

ﬁlﬁ i
i

EFAF Wk WU

Kl 5 A[FifiE GADF #l GASF —4EE1%

32 BHRSZWIASH

T IE AR SCVE R R B M RE, X BCI
Competition [V 2a H1 9 2 Bl 47 B4 X 40 M F1 2
il ot B LU 2 A9 GASF-CNN-
LSTM #1 GADF-CNN-LSTM f{) # #5 % Al Kappa %
AU 2 Fiom.

F2 BWIRS5ZWIXH Ace F1 Kappa %

GASF-CNN-LSTM GADF-CNN-LSTM

ek
ACC(Kappa) ACC(Kappa)
S1 96.65 (95.53) 96.91 (95.88)
S2 98.85 (98.47) 97.52 (96.69)
S3 98.39 (97.86) 99.09 (98.79)
S4 95.78 (94.38) 98.19 (97.59)
S5 91.39 (88.50) 97.31 (96.16)
S6 93.59 (91.46) 96.46 (95.27)
S7 97.21 (96.27) 93.09 (90.77)
S8 89.97 (86.61) 96.91 (95.88)
S9 88.88 (85.17) 94.30 (92.40)
S1+S2+---+S9 87.66 (83.55) 89.53 (86.03)

FEREOR, HPAEN T, GADF-CNN-LSTM J7

I HER R IEF) 99.09%, FARAERIE AN 93.09%,
V- BIHER N 96.64%. GASF-CNN-LSTM J5 V2 #i¢
E e RIS 2] 98.39%, AAKAETAIZE N 88.88%, °F
BIHER 20N 94.52%. Z 15 L T GASF-CNN-
LSTM J7¥:i% 3] T 87.66%, GADF-CNN-LSTM J
IR BT 89.53%. WK 6 Fiam A2 BT
GADF-CNN-LSTM Al GASF-CNN-LSTM ] 43 25 44
SN N TR R R, AR N UL R i B A SO Y (1)

PR

0.029 5 0.026 7 0.0221

Right 4 0.034 2 0.0342

Foot4 0.053 2 0.034 1

Tongue+ 0.052 0 0.029 9 0.0239

Left Right Foot Tongue
a. Z 11 GADF-CNN-LSTM

0.047 1 0.044 6 0.043 3

Right+ 0.041 9 0.040 1

Foot4 0.038 0 0.0350

Tongueq 0.037 8 0.042 6 0.058 4

Left Right Foot Tongue
b. Z#iX GASF-CNN-LSTM

6 ZHAAN P TERIRIE IR

SEIG A5 R E W], GASF-CNN-LSTM J7 ¥4 1
3 H GADF-CNN-LSTM ik . JR K G 2.2 /8N
H T 7~ GADF 2 3 FH W AN B2 110 22 R R R 8 3= R
B, GASF 218 FH A A FE I F R R R B
KB, BT HEMS AR, GADF ik
A= R B M T GASF 5 325 46 B A 73 0 o
FE5, HEEEZHY, WK s Fis.

3.3 BIEET M RERI SN 53 AR

T D IRUE R B, BELIERERA

Bk S5 81 SO X an &l 7 Fram ) 3 ANk HLIEE (C3.
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C4. Cz) . 13 MiHLEE (C3. C4. Cz #HALHY
FrAIEIE) LA 22 Ak B 8 BE AT 6 B sz ge, s
INEERUNK 3 Fion.

@ imi

@ i3 iin

@,
CYoK JoX |
00000
CXEK XX )
® @©,0
@

K7 AFEDEIE R

#=3 A [EREH T GADF-CNN-LSTM 755 /EMER o

S5 S9

Trik
ACC(Kappa) ACC(Kappa)

GADF-CNN-LSTM(22channels) ~ 97.31 (96.16) 94.30 (92.40)

GASF-CNN-LSTM(22channels) ~ 91.39 (88.50) 88.88 (85.17)

GADF-CNN-LSTM(13channels) ~ 98.11 (97.48) 87.98 (83.93)

GASF-CNN-LSTM(13channels) ~ 97.68 (96.91) 89.10 (85.47)

GADF-CNN-LSTM(3channels) ~ 63.21 (60.32) 60.39 (56.95)

GASF-CNN-LSTM(3channels) ~ 55.36 (40.11) 53.85 (41.01)

SR BN, 1522 @B 13 EEMIELT,
S5 F1 SO PR MR FRATLA K, (HIEAE 3 IWIE K
LR HERR R ORIRE R, BRI — 4R ()77 51 5%
ey UG 5 A5 VR B 25 2 AT BUR 02, TR 2
S1HEAT B oy A TR MU R 4R . 76 3 18
TE I A B B A Hs iz /N T 13 JEIE A 22 @i 1
R, REARSCETZE—NEER CNN-LSTM
BERY, (HTE 3 383 I A B B R AT 3R T30 2 B |
SRR FET AN 22 A HLIEIE TR BRI
T Rk RIS ) B X A R B s 25 5, x4
BRATRT BB RIT RERGE 7 — /N g,
FARLZ R BRI IE BB EN X, 23k, )
PEIHAAT T3 224 0 %5 DX T C & W ), AR ol 2 ik
FIRFE S MR s sh B R 4y 8 e rp, SR Z TR
537 AN XA 5 RFAE o
34 HMRMMEZEPBEEEIERSH

HAT, KZH08 3048 ML R 7 &
TR, X T8 B B AS EE AE FOR X

b IBE G EOR BN H TR IS 3 Dy Re G &
FHo Wk, AT SRR Rz A, IRV
1B AR REARLEAF N & YRR . A
XoF A i 2R R R AT T I8 B AR AT 55 I SRR )
Mro GEHLUHT LA B IRIEAT 200, Sege g R & 8 fir
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