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Abstract

The motor imagery Brain-Computer Interface (BCI) represents a self-paced paradigm for individ-
uals with impaired mobility to control external devices like robotic arms. Decoding electroence-
phalography (EEG) signals is pivotal in this context. However, substantial variations in EEG signals
pose challenges for many static convolution-based deep learning models in adaptive feature ex-
traction. To address this, we propose the Multidimensional Dynamic Convolution (MDConvnet)
model. This model employs three layers of multi-dimensional dynamic convolutions for feature
extraction, followed by a fully connected layer for classification. The multi-dimensional dynamic
convolution generates attention weights across multiple dimensions, dynamically adjusting con-
volution parameters. This study tested the MDConvnet model on the 2023 Motor Imagery datasets
RankA and datasets RankB, and compared its performance with other models (FBCSP, EEGnet,
EEGTCN, FBCnet, Tesecption, STASCNN, Deepconvnet, and VIT). Results show MDConvnet outper-
formed of other models, achieving average accuracys of 64.20% and 67.04% on datasets A and B,
respectively. It exhibits exceptional performance in EEG-based motion imagination recognition,
offering robust support for disabled individuals controlling external devices through brain-ma-
chine interfaces.
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ALz F1(BCH) & — P REAE NS KM 5 4138 v+ BB A &80 152 % 22 1] Ja 37 P e 15 SR B [ 1],
T2 248 4 (Motor Imagery, M) FIRGATEE & —FfAT I pLEE 13650, a0/, 2452
R AREGETIZENN, 1 (8~12 HZ)HI B (12~30 Hz)F5 I Th 2 18 55 FEE £E A 14 20~ BR 1K) IR a8 3 [X 4>
Fhis, AR A 3R AR E 2 X 22 FA%, T 24 B R AR A5 T-18 Bl Dl 28 388 4% B A8 44 T 175 50 T A
SR [2]0 SR 2R AT S 1w A B TR I T FR R B A, AT DIYDE SRR g sh = 3], M
MK AL 2 1 AN B 4 [4]. it — DR m i H A5 5 I AR A AS B, MULLER 45 A H 625 R] 6
3(Common Spatial Pattern, CSP) 2 HUfiki FL 1% 5 4% [ RFAE fay A 21 DU 7 28815 2 70 2845 . Hoh CSP &
T T R A A PR R SRR B — L A O 0 A (RSB 2, 12272 1A Y0 It 38 W7 DA SR KA R S 28 i LA
S EEZ M ZES, WSS X 0 B MR AL 1 B T I 890 2K[5]. R 1 CSP A% A Fl 2 %
BT IS R, IS SRRSO EAS R RHEAE . T2 Novi A [6]42 H T 7y 2L 28 [ B30 (SBCSP) S5k
PR HAS S AR ) CSPHRAE, SR FEAS A AT (1) R AE HF 2% A\ B (Linear Discriminant Analysis,
LDA) 7 AT /K. A2 A CSP AHIEFTREAIUARIE S, XfUk Ang S8 N[714EH T 2 T I8k 25 4H
(32 (A B (FBCSP) B KR Y )/, 1250 S 2/ Falr (1) CSPRHE 1) FLAS kit £ 5 B Ak
PRI AL N 2157 45 1] B /L (Support Vector Machine, SVM)i#E47 7325 . B2 FiRAE S RINLES 2 31+ ik T
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HLAE 5 I ARAD 2 H[10] [11]. Schirrmeister [12]%% A\7E 2017 SE42H T Deepconvnet 7Y, X & —/NSHE
KPR ZEPER, fEIEs) 8RN S 5 HUOIE S5 R AR 1A 4800 FBCSP [7]51% . (H2 i M 4%
BRI SRR e, IR . 4k, Lawhern [13]% A7E 2018 442 H T EEGnet Bi%4, X2 —FhE L
R, 12 F TR R4 B S AU AR I 28 SRR, 58 TR 2 ISR 8] o SR,
0 FELAE T ) 2 e e ) L2 1) O3 RIS, IR 4 TR B 2 ST AR RS BIURMIE 7 R 1 AN/ Bk - T Song 55 A [14]
et 7 H T BB R R VIT A, GRS F B RO I FAE 5 AT 9w b, AR5 4 g iR S N
B BVE RS- DO 1) 2 R RHIE . BAR IR IR 2SI B AR LA oML & 2 SRR, 7R i LA 5 D
EHEEIRTITERE, {HJE EEGnet [13]41 Deepconvnet [12]#B4# F —Z I 2250 [ & B S EHMR, X4
PR 53 2 ) AN 22 S ORI, A ISR AR 3 v 2 EAS () 147 i FEL AR AT 5 SRR A

N T R BRI, A T AN E T 2 4ES A AR (MDConvnet) . iIZFE R —ANFTELH
&R IR R R BRI, SEH =20 N 2 s B B HURIE,  SR5 K5 B RRAE Sk 4
BEARZHAT K. Hh 24 EBRUE — BRI R ), ERAESNSER[15]1HEA R R,
FHEC ISR J5 28 € 1 F S AR, BB AR[15] 0] AR A\ 205 B 0 N A B R 7o gs 2 T A7 1
LA, XL BNAIE N AR BCE i REIE . Li S A6 — DGR A AN, ol 46
MRS, BRZmAEE, SRZHHEE, BRI, MaISER R SR 50X — 4Lk
T HERINE], 20T HADGFGEEFIRAE, T Li S ORE R I HUEHE B 21T SR 1) Ho A 4
B, R T 2GS ER . K 28GR AR 8, 5 IE N AR il AR 2 4 (17 = AL
H, JEHZAE RSN A M TSR S 5 0L G b SR U B SRR . BRSO I 2 4 BB
ZH/b, HRAIHAT R 7 XORMS B 2 4ET = BCE, ORIk 1R ZRIF i 1]

2. HiE
2.1. SCIG¥IEN D

ASCAEFH 2023 Fiz 3 AH G A RankA A& 4E RankB SRIEATIRIE . RankA 46 & = Fliz st
FAES, AR AETFREMES . ATFRGUESMAIHR TS . a3f 9 ailE 255K, Fail
HHATT 90 kS, BRMTESSA 30 ke, HrERRPREALHI. SR ARELINE: 2 B
BRI B, 4 B RS s SAT S BT Bl 2 FPROR BB BE . RankA HH 42 07 59 ik i Jf i
1 AN EEE AT 3 IR IS, IF HREEZF N 1000 Hz. RankB BB &M SLKF 55 #k3 5 N B4
Wl SR 1) VORI S0 IR R DA S B SRS ks SRR RankA — £, RSB0 N SIS . A SCX RankA
H1 RankB (%4 3E47 T P RAE(250 Hz) R (R B 1T 59 AN HliE, 2 I MTESIF4E)E 0.5 #0%) 3.5 &
RS 1] B (B 750 NI IE] s5) 1A — A BRI REAS X e R0, [RIRAEN A —F5F 90 MEASE .

2.2. 1RBGHY

MDConvnet #7055 — AN AL ELERAE A =4 2 s A5G AR 2 4EshS G IR L 2R 2 4Es HEMR
7. WRZ4EEEERR), Uk DaERn Kz, BB M 1 PR,

X RR N A T T AT PR, RS AP IR, B D Y ] 4~30 HZ (1
VU7 EELAR R 0 e 8 0 o FEL AT 7 S 8 55 — 20 X IE i R i L T 14 it 14T Z-score U — A Ab
B, H—HIHEmAX(Q)FR.

DOI: 10.12677/csa.2024.143052 3 R HURLE 5 R


https://doi.org/10.12677/csa.2024.143052

XFgH, AR

]
N AN AAAAAAANAAN AR
A AAMAARANAN AR
AN LY i e VAN S
Al Juitvveraw b JIRANSYVSSL SRR SO £
v VY N\ gt v A~V AN A A 1 \/"\/\/"\/\/\/\"‘
MR AIAN % Eﬁﬂb
B S
(50x750) —PRLE , (59x750) EMERIEBR | (g, 505 750) LAEZRDEER, (16,1 150)BEBR , (16 1 x50) ZEEE, 3

Figure 1. The structure of MDConvnet model
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ReLU (x)=max(x,0), (5)
feature = ReLU (FC (GAP(x))) (6)
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Figure 2. Multidimensional dynamic convolution with dimension-wise attention structure
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Figure 3. Calculation process of multidimensional dynamic convolution

E 3. ZHEHTERITERIE

SRJ5E PR~ FEHFAE feature SO DU IAT HH RO RIZE T 8RR, BREGE R EER RN L R
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DOI: 10.12677/csa.2024.143052 5


https://doi.org/10.12677/csa.2024.143052

X F

Al

100

90 1

80 1

70 1

ERRE O

404

30 1

20

10-

a,; = sigmoid (FC,,; ( feature)) (11)

oo, AR FC, SRR | ANTAT BRI BRI R T A H0PE R AT ay e R, Kk xk, BRI
Fole AR FC, 2 E R | A TAT RN B G (T 25 ) a, e RO, 7 C, AU A Gl
B AR FC, S | N TAT A B 4 B VIS ) @, e RO, C,, AHIHUEIEG 27
B2 FC,, SR | A TAT B BUIRUIE oy, € R - BUEHE RIS 4L TE B IR AT AT IO B S MU )
AR NERSEW 55 HE x BTSRRI R y

2.4, ¥EEN)IZR

RankA ##i 4 F1 RankB 444 H 9 42l H, BAZIKHFEMA 90 MEAR, ACRH BT X
B AUE B 7 VE AT IR AR EEE SR AT 2 F . A FRXUEAR RAT S5 AR IR B . e A 2l
T B FEARBENLITEL, G ENTBENL A AR5y, GBI U E R IIZREE, B —1h
PE I AE R B AT I, 193070 RAEMh 2, 55 4 49 3 1 To AN HER 28 P S B AR Y 1) 43 2K 25
R NTAFHBEARES S EIERVERE, A SCORBTE B U255 OR/NANEE 3] 35 5l 1 B
200, 32 A1 0.001, [FIFRA Adam fEAb 2 KT B 250, 5 28 SURBHUR R ZRm i, 28 B A
R FHR:

N M
CrossEntropyLoss = —ﬁz > ym Iog( pred; ) (12)

n=1m=1

Hrp, MAEFEANE, NAARFRZERMIE, yo RS m DMFEARM E AR, 1M pred) AR m
AREAR S n S TR . X ULseIGERd B T Geforce 3060 ) GPU Al AMD Ryzen 7 5800 H 1 Hifini I
HEAT 2, HACES I 3.10 fRAS ) Python SZ3 .

3. SKBEHER

60

50 1

S1 S2 S3 S4 S5 S6 S7 S8 S9 Average

N FBCSP [ EEGnet BN EEGTCN I FBCnet [ Tesecption [ STACSNN = Deepconvnet [ Vit [ MDConvnet

Figure 4. Recognition results of each model on the RankA dataset
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Figure 5. Recognition results of each model on the RankB dataset

5. BRAFE RankB HiEE& LAIRAILR

Table 1. The parameter count for each model along with the mean and variance of their recognition accuracy

=1 ZRASYENE IR ERENESIREE

AT 4 R RankA %#54E (%) RankB %4 £E (%) ZHE
FBCSP 47.74 £11.42 52.79 + 16.46 ¥
EEGnet 59.14 £ 13.75 59.14 +10.92 3.75K

EEGTCN 54.94 £ 12.93 60.74 +11.91 20.87 K
FBCnet 50.00 + 16.00 4753 +11.51 19.71K

Tesecption 55.93 + 13.77 54.07 +12.51 5.05 K

STASCNN 49.75 + 6.95 50.74 +13.24 3.1K

Deepconvnet 51.85 +10.17 54.69 + 8.85 108.14 K
VIT 52.72 +18.17 61.23 £ 14.53 335K
MDConvnet 64.20 £ 7.07 67.04 £ 10.56 3.93K
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Figure 6. Confusion matrices of classification accuracy for the MDconvnet model on RankA and RankB datasets
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