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Abstract

The motor imagery-based brain-computer interface (MI-BCI) provides an interaction pathway in-
dependent of peripheral nerves and muscles for individuals with severe paralysis, holding signifi-
cant application value in the field of motor function rehabilitation. However, challenges such as
large inter-session variability of EEG signals and the difficulty in extracting discriminative energy
features pose serious obstacles to signal decoding in MI-BCI systems. To address these issues, this
paper proposes a Dual-Branch Multi-Feature Fusion Network (DBMF-Net), which jointly learns first-
order spatiotemporal features, second-order covariance features, and time-frequency domain fea-
tures of EEG signals through a multi-branch structure. Specifically, the model extracts spatiotem-
poral features using multi-scale convolution and a Transformer encoder, introduces an SPD covar-
iance embedding mechanism based on Riemannian geometry to model second-order statistical re-
lationships between channels, and captures frequency-domain discriminative information through
a short-time Fourier transform branch. Finally, the three types of features are fused for motor im-
agery classification. Experimental results on the BCI Competition IV 2a and 2b datasets demonstrate
that DBMF-Net achieves average classification accuracies of 85.87% and 89.39%, respectively, out-
performing existing baseline methods and validating the effectiveness and robustness of the pro-
posed method in intra-subject inter-session EEG decoding tasks.
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i #/14% 11 (Brain-Computer Interface, BC)if i i v/ b7 T J& BBl 28 AL IR ) L Bead %, Sa A\ i 5 4b
TR E B8, N BN E LA AR R A R PR T A A TR 1]. BEE N LR RS 5
BEARWRRE, BCL O 2 MH T O ET 5, (8 R B mSshlm. 8 fOohrsEiss,
EUGE T EgE M R ERE(ALS) XU BEE 0 B AR TS R [2]. 7E428 BCI SRl i, T
i H €l (Electroencephalogram, EEG) 1 3E/@ A0 BCI Rl %2 & PE . AV R FAEMSA, sk iz
P B BOR B 26 . 8 L8 AR R S K FLAL(SSVEP) [3]. P300 75 & HLAZ[4]FZ A8 G (M) [ 5145,
o MIERN—F IR B R EEG 552 0% . MI-BCI RATE IR H G4 shER REMHBEE S,
IS AR RN AR RN AR S TR S . MR EANE T, AFE MI L% 5] K2 8HH
X 5 5 15 3l e i P A s R 22 5, RN 1 T (8~13 Ho) M B 57 (13~30 Hz) % 417 [1] ERD/ERS 2]
P

MI-EEG 155 {153 K1t REAEAR KR FE E IR TRHAE SR U ot &, DR R AR B B v — B R AUk )
W FEAZ O o Bl GRIX — 0] R, B 9835 e JE $ T B T- M1 % 2] (Machine Learning, ML) R & %% 2] (Deep Learn-
ing, DL) ) g5 7772

TERLAR 22 ) vk, A 328 )4 5 (Common Spatial Pattern, CSP) [6] M HATAF LN AN 72, B
FEA LA AERIA(CSSP) [7]. Fir AL A (SBCSP) [ 8 1R8I 4 20 2 4 2% [ U (FBCSP) [9]% . iX
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Figure 1. Overall model architecture
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Figure 2. First-order spatiotemporal feature extraction module

Bl 2. —M B FHER EVIEER

(1) BRENZERME

EEG 15 50 &AM B It 24k %G s, HAd p T (8~13 Hz)M g 151#:(13~30 Hz) 5z R AT 5%
YRR BB G R, L IE B J 5 2 7 A F AR O 25 A5 A (ERD) A A4 AH 5K A 25 A (ERS) L A
RN E S B D) 22 10 5535 AR 16]-[ 18] A IRAN [FIAE K 5 2., AL B PUAS HAT I R A7 5
S, BRI 1 x 1640 1x32, 1 x64 F11x 128, LAAS[E A K2 B E 2 R ER A5 E. 2R
FER S BRI 2 23 R, 55 SCE RO [RI4EFE T, 76 AR B 3838 =% 18] 45 R4 1) [F) ) 200
MAE SN Zh . —4EBPBUSE T RRN:

Y, (b, jocst) =2 ISy (i myn) X (byiye+mt+n) (1)

W, FoR s k MERYSCRBBIE, K, MK, 3R GRS, C, R NRHE

~

i

&
=

AT FH Y EEG B KA N 250 Hz, BIREASRAE S 295N 4 ms IRy 8. Rk, 2446
FUZKE AN 164 32, 64 F1 128 ), X RIS ]2 #7208 64 ms. 128 ms. 256 ms Fll 51 2ms. M
S AN EORE, BRI e T SRR R B I B R E , HIE R RN

1
Soin ® T 2

k

b, T FRORGBUZS RLRIN A & DK . BRI, SRR A AR 1A R I ) %52 B S B 22 B I e
FHE. BEJS, KRS (O DR RS2 EBG (838 7)) 23 (M AH DG, R H 23 21 2 AU 58 2 ] Ry
fERILGE S7 o itk — DI 25 8, 2 RERE SIS A < 16) I RIS AR BT R AR 95 . i)

DOI: 10.12677/jisp.2026.153038 429 & 555 Ak #


https://doi.org/10.12677/jisp.2026.153038

Tt &%

B BB SR 2 RS R IEIE 4L L TRl S, HRIETEA -
F =Concat(F,F,,F,,F,) 3)

152 R 2 BRI S SR BN RN B RHE DR G, N TR IEIE4ERE ERbG (0 = 4R R IR U 1 2% J5
SRR LT 75 (1) ] 52 i N 4EFE (embedding size), AT T —ANMRHIERR 2 (projection layer). BAKT S,
ZEHSEilIT Rearrange HRAF1 AR (K DU 47K & x @ RECoonee W 5 4y = ik iy RP I Coomacr | B
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Figure 3. Structure diagram of the SPD second-order covariance module
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Figure 5. Schematic diagram of the motor imagery paradigm: (a) Dataset 2a, (b) Dataset 2b
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%1 R T & BAYLE BCI Competition 1V-2a #4E K45 . fERKHIXE N, DBMF-Net
ST 85.87%MI 140 K UERIZ . 0.8117 [ Kappa H A1 7.59 MIbrUEZ, 18 FTA 0 LI h R et
#HEL Deep ConvNet fil EEGNet, #ERfH 9 H8EE 13.65%F1 12.72%; AHEL CTNet 1 TCANet, 17543 H$EF
3.35%F1 2.81%, KPR A HIRRHMERIERE ). i — B0 & 2 45 5 KL, DBMF-Net {£
KZHZARE LR EVERE, SOV RE R 23 R s 0 B 4R, AT T X
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Table 1. Comparison of motor imagery classification accuracy of different models on BCI-2a

%= 1. TEMERTE BCI-2a BE8 & 9 AOEMELLES

Subject Deep ConvNet EEGNet EEGInception CTNe MSCFormer TCANet DBMF-Net
(2017) (2018) (2020) (2024) t (2025) (2025) -
A0l 78.13 79.55 70.14 90.97 86.46 88.89 92.36
A02 45.14 61.11 53.82 73.61 61.46 70.14 80.90
A03 85.42 88.54 70.49 96.53 93.75 92.71 95.14
A04 67.01 71.53 68.40 84.72 80.90 79.86 85.07
A05 77.43 71.18 73.26 77.08 77.78 77.78 77.78
A06 53.13 59.03 53.82 64.24 69.44 74.31 72.22
A07 84.46 71.53 68.75 86.11 91.32 92.71 9236
A08 78.13 80.56 72.22 84.38 83.68 85.76 88.54
A09 79.17 75.35 68.75 85.07 78.47 85.42 88.54
Avg acc 72.22 73.15 66.63 82.52 80.36 83.06 85.87"
S.D. 13.06 10.53 7.44 9.61 10.21 8.02 7.59
Kappa 0.6857 0.6718 0.5550 0.7670 0.7382 0.7742 0.8117

7E: "R DBMF-Net 5 AL 712 (TCANet) )2 74 Wilcoxon 75 5 Bt 5 . 25 (p < 0.05).
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Table 2. Comparison of motor imagery classification accuracy of different models on BCI-2b

5% 2. INEHERLTE BCI-2b iZEAE R 9 SETRET LR

Deep ConvNet EEGNet  EEGInception CTNet MSCFormer TCANet DBMF-Net

Subject

(2017) (2018) (2020) (2024) (2025) (2025) -
BO1 79.06 75.94 77.81 78.75 75.00 82.50 79.06
B02 65.71 66.07 66.07 71.07 68.75 70.71 73.57
B03 82.19 85.31 85.62 84.38 80.00 86.88 87.50
B04 97.50 98.44 98.12 97.19 98.44 97.81 96.56
B05 95.31 94.38 98.12 97.81 95.94 94.69 96.25
B06 80.62 84.38 87.81 87.81 85.00 87.19 90.94
B07 91.25 91.25 91.25 94.06 93.75 92.50 93.13
BO8 92.19 94.69 95.31 94.69 94.38 95.94 96.25
B09 89.06 87.50 90.00 90.63 88.44 88.44 91.25
Avg acc 85.88 86.44 87.69 88.49 86.61 88.52 89.39
S.D. 9.98 10.19 10.35 9.03 10.30 8.32 8.11
Kappa 0.7176 0.7288 0.7538 0.7697 0.7322 0.7703 0.7878

£ BCI Competition IV-2b ¥#i4E [ {15286 45 4N 3% 2 Fizn. DBMF-Net BUfS T 89.39% 1T 43 2k
%, 0.7878 1] Kappa {ELF1 8.11 IhnitEZ, TERTA XS LA EFIERHL. 5 Deep ConvNet. EEGNet.
EEGInception. MSCFormer. CTNet 1 TCANet 1L, #ERAR 3 HIHETF 3.51% 2.95% 1.70%- 2.78%-
0.90%F1 0.87%, BE—BIGIE T BT A k. RIS 2 2 R T LUV, AR 2802
AT, JUHZ/E B02. BO3 Al BO6 M AR E FRIE NI, A TR A AR
KLk EEG 15 S A HsR &t . JRIERFE IS 6 Fin, DBMF-Net 784285 S T 8m 02
AT

Predicted labels Predicted labels

Left QCEP{FM 7.10% 4.78% 3.86%

Left 0.7
0 n
@ Right 88.27% O o
o] o |
© £ Lo.s
o 0}
lg Foot{ 2.93% |:s__: 04
Right 1 12.93% 87.07% 0.3
Tongue{ 5.56%  3.55%  6.48% Loz
. ' . . | o1
Left Right Foot Tongue Left Right
(2a) (2b)

Figure 6. Confusion matrices on the BCI IV 2a and 2b datasets
& 6. BCIIV 2a. 2b HiEEE LRIEIEM

X IV-2a Btk W T EIER S B SRR, BUMVERER T 1 B2 28 T 2 FURIN B4R AL
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BRI B ge it st adipe . b, £ RSB Transformer 435l 6t 57 52 HUR #5 5h A HFAE A FE I 4K #8i
T E 7 2209 S — 0 1 i 1 6 I [ A DS M I Z i BE ) . MEELZ R, TV-2b SR EIEIE S b, B
KRR p TR B i B AR I, BRIt STET WU S0t Pk B3R TH STk o N R, b 7 %
53 IR FAERHEES . /R DBMF-Net £ 1V-2b ##545 FHS 1m0 5 Z, (HAHET TCANet 1)
PEAEFETE RIE RN Gi i1 B 2 K F-(Wilcoxon, p = 0.250), X 1] At 5% ¥ 42 18 1 Bk /b SRR [a) o fig 22 2 A5 TR
S

ST 5, DBMF-Net i i il & — BB 2SR5 AE « B IR AE AN — 0 B 7 Z2REAE, SEIL T XA [F2R B EEG
B SO, BSR4 R B R s S SRR E T .

3.5. iHEhsCIG

N T BRI P 5 AR Y e SRR (AT e s AR ST TSRS, 35 3T 7 22 (Cov) R ER 5 R I
{87 FRLIH AR 4 (ST T) IR 73 SOW AR A BE RO DT ik 72 T SE 36 h R AR R B I 0 5 ms 5 S 80 B, B
RIEATHERL. SEERSE R WNE 3 From.

Table 3. Ablation experiment on the Cov module and STFT module
7 3. Cov 53R, STFT HERAY;HRLSIIS

A Cov STFT SRR 2R.(%) Kappa
2a 2b 2a 2b
Baseline x x 80.24 88.13 0.7366 0.7625
Baseline + Cov y x 85.33 89.12 0.8045 0.7824
Baseline + STFT x J 80.86 88.81 0.7449 0.7763
Baseline + Cov + STFT V \ 85.87 89.39 0.8117 0.7878

Table 4. Impact of different attention mechanism combinations on model performance

= 4. FEEEENNHIEE R E RIS/

HEREIINGIHE R UER 2R (%) Kappa
2a 2b 2a 2b
MHA 84.68 89.02 0.7957 0.7804
MHA + CBAM 85.49 88.81 0.8065 0.7762
MHA + ECA (A7) 85.87 89.39 0.8117 0.7878

itk — P U UF A Y ML ) B RO R B, ARG T S X SRR AU 2 kiR
J1(MHA). MHA %54 CBAM i - F[yER /1. UL MHA 454 ECA BEJUEIEFE JJ(ARXTTE).
W 4 fiR, 1€ BCI-2a #yEdE b, (UEH MHA FEFRRN 84.68%, AN CBAM JG#ETHE 85.49%
(+0.81%), MM ECA Jait—51TF % 85.87% (+1.19%); 1E BCI-2b #(#i# I, ECA (89.39%)[FIFEML T
CBAM (88.81%) M1 MHA (89.02%). LiR&EHRFKH, f£2 RER %55 Transformer 42 R E /2 5
FINIEIE NG A DB ER), GRSt — Db CBRRIE4E B2 1) 3Rk . ECA AHEL CBAM HA AR
e, FREAET: @2 REEM Y Transformer Bl 5, FHEC A EE TR HOIE S, o BT a5 17E
AR E TSI 4 R ) FOE RR e, TAE S 4 g2 . ECA MR B — 4G St s il iE <2 |
AR, 5N B AE R SR SR B O EA T CBAM FiAh 51 N A 1) 7 1 0 Se3n 7T A&, AT RE
X R E RHE R RGBT, B RERE A TP
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Figure 7. Ablation experiment for each subject on the 2a dataset
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Figure 8. Ablation experiment for each subject on the 2b dataset

& 8. 7£ 2b #iE&E £ &4 & ER LI
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Cov Bt 5 STET 43 3¢ 75K 2 ¥0ia -3 R MBS 32T, 1 I T4 th A B B A7 (R 2 v 502 1b R
SRR 40k 2 50t E U AR BRI G5 5L, BT T 2 40 SORMIE R & (0 X .

4. &g
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