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Abstract

To address the challenges of low signal-to-noise ratio (SNR) and strong non-stationarity prevalent
in Motor Imagery (MI) Electroencephalogram (EEG) signals, as well as the issue of substantial spa-
tiotemporal redundancy generated by traditional Convolutional Neural Networks (CNNs) during
feature extraction, this paper proposes a deep learning decoding model that integrates multi-scale
local feature selection with a feature reconstruction mechanism. First, a multi-scale local feature
selection module is introduced following shallow feature extraction. This module utilizes parallel
multi-scale depthwise convolutions to capture features across different receptive fields and em-
ploys learnable channel attention weights to achieve adaptive feature weighting, thereby enhancing
feature discriminability. Second, to further suppress task-irrelevant redundant information, a Spa-
tial and Channel Reconstruction Convolution (SCConv) feature optimization module is incorporated.
By utilizing a Spatial Reconstruction Unit (SRU) and a Channel Reconstruction Unit (CRU) to com-
press and restructure feature maps, this module significantly improves the effectiveness of feature
representation. Experimental results on the large-scale public OpenBMI dataset demonstrate that
the proposed model achieves an average accuracy of 72.95% in left- versus right-hand motor im-
agery tasks, outperforming mainstream comparison methods such as EEGNet and Conformer. Ab-
lation experiments further verify the critical roles of the multi-scale feature selection module and
the SCConv feature optimization module in enhancing model robustness and decoding perfor-
mance.
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1. 5|

Firi 1% 11 ((Brain Computer Interface, BC)/EA—Fsam P AMIAS EHAR,  BEMEdIk B FEARAD KM e
2055, AP AEAME BN RIS A2 2 5 5 O0 TR MBS B R[] [2]. BAARR A TG 2RI
45 5 1] DAL v B B (Electroencephalogram, EEG) [3]. ThREMERE IR A% [4]1 A R ThRE M L0 A [5] . 7E
XEAF S, TR AR BRAS s B ey B LS, EEG 7E BCI BT 5 N B2 75 BR[6] [7]. 183)
185 (Motor Imagery, M) U245 N ZEAGE A8 Ga s B AR RIBONN K22, TSI 52 15 5 sl B
W2 AR RIS SPIRAS ARG S IR, TSI 54 AS HIE Y, J2 BCI A IE. 11245210
FEBEAT MI ARSI, KIS IS 3 TR 51 R 518 3 S5 AH G I E X I EEG 1557484k, X PR LA FR
N A AH 2% [F] 2 (Event-Related Synchronization, ERS) % 5 4 A 5% 2% [7] 2 (Event-Related Desynchronization,
ERD), W] ffRE N A DX IR 250805 [8] . M1 RT DAHS Bl R 52 B 38 ik b N\ R 5 40 A8 HLIVIE 3l
Thee, wildE. BFEME, JFEAEBE. BUR. EF. OEAFETHAEE T IZMNHEE 9],

FHIEFR IR YT EEG 15 5 ARID BRI CEEIA Y, BB X IR AR RS e b K s MR 22 75
SR RE . ARSI BN TR AR TRE D3R (5 Sl otk ldn, T2 iuEni) CSP
[LO738 1o 5 KA P 245 5 (1) 77 22 U BRIX 73 11 25 TR AP AIE , H A RS2 IR T 7 iy B U 2% ()16 $6. FBCSP [11]
XFUEREAT T, SN o AL R R A IR T 1 R BeAh, B T TR (I CWT
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[12]) 5 B FAFESR A, R4 & K-mAB[13]5 SVM [14]45 70 25 8 HEATiES . ARTT, _Eik b e me ik
FRI N THRFEAE LR S (5 2, SR RILE & 44T 55 A s i ikids 5t R 132 AL BE S 32 BR[15]

NRWALGITER R, PR EEE S8 u B S8 Al G T RHE SRS 20 PR, el T s SRy
IERTE B3] Hdr, BRI MZE(CNN)N G 72 i, EEGNet [161RHFREBI 5ZE SEH,
FEARAIE 8 B Ak 1 (R SR T 7R 285 ) 2 T SR iE i 25 1T ShallowConvNet [17]01] 52 FBCSP Ja &, FlIF K&
AT R J2 G5 R SR IO B0 Th e, JRBLH L I bud W a R 1. BRI S, IR ) D5 iRe s >
XF N AR TAR B, FFAE— 8 210 N AR FHRRDAS B 5195 37 5UIE B e

SR, R CNN RIS, HBT EEG {5 5EMELLEAC, MU RN 24 25 5 R HUK B 54145 6%
MTURIGE, MR T . NRTHRFER AR S S, FRAER 2 S RER I J5 5 N2 RUE
SRR e AR, B E MR IR AR LR G R, B S, ZAsuEd 4T 2 REIR
FE 26 RN AN [R) 18452 17 1) Sy A e adE AT A8, RIS 2 R T 25 ST (VB TE B, X 22 R REARFAE R AT F 3 R INAY
A, AT 25 B AP R I ABURFAE R 7 -

TEULEERS [, 25 S BINAURRIE R R T e AL & 25 () 5@ IE 4EE M TURE B . FRA132 3 Li % A [18]7F
FUGBIESS PR K SCConv IR K, IR A BUR AR RFE BRI s AR IE R AR ). T iX—
%, AT SCConv BEHGI AWML, Llk/b 20 5i@iE T4, R S5EaE KM CIMRRE, MTiHE T
BRI F 2803 5 B AR R M R

2. &
2.1. SCIG¥IENB

KWL T OpenBMI H4EE[19] 2 s M K (MNEHE . L6 54 AR 7EA R H B 52 7w
B SRIeRSE. 7E MIYEUF, IR T 3 B IHES, BEJR I 4 BP N HEAT &£ Fallh T2 R,
B Ja R FELE 6 B (A 1.5 AP BENLIF SN MR B FRATHREL T X Rz s AR AT 5 M B 4 7 EEG ¥ Af:
N—AFEA, IR A 242 400 A MIFEAR(BLE 2 M432K). EEG B 51 H] 62 4~ Ag/AgCI HL) LA
1000 Hz FRAERBATIC S . SRR A IR OK #8 9 BrainAmp (Brain Products; Munich, Germany). 7£
AL, EEG HARAIMHPURFIE 10 kQ LR . B 25250401 n] 2 WCHR[19].

ETACEE 5 TH, FRAMNEEAT T LB/ MU . ¥, SIRZEIREN RGN E, RATER
T BB RER 20 A EEG HML(FC-5/3/1/2/416. C5/3/1/z/2/416. CP-5/3/1/z/2/416). vk, N a5 iEiE
T 25%(8~30 Hz) LA 2 M ECAFUEE % 11 g AT 75 [ B 904 Bk 60 Hz ATt B, PT EEG FEAIIE [ RFESE
250 Hz Jf#k4T 17— 1L Ak 2.

2.2. 1RBGHY

SRR E I SR RO . % R A (b . SCConv R AR ALKEB . /) KbEBMIAR, HE
AR LR 1

AT SR e, 5 S RN N 1 x 64 BT IIAL. /A 20 x 1 128 JE) % BUR IR
I A, AR I SN R R R B

AT 2 R R e BRI 2] 2 ) KR 2 R (R, I A BT . 5%, A NS
AEFE F e RS, it 4050 Q15 MIUAS FARIE (R} e RO, JUrh, T F A48, DURE
AR, RARTRHEF,, FRIF, ARGEESBEA N x 3). (1 x S)FI(L x )EBUZHTA
B, R FAEARIRRE F 3RS BOI SR A R AT . B, R I AT 520 2 RS
TG TAHE F, , F A F, BHTHHE, TURUSIE F,, e RO, B, JXMes Eic Ay o) i@
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Figure 1. Overall model framework diagram
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Figure 2. Diagram of the multi-scale feature selection module structure
2. % REFHERFRIRGEHE

A2 ST R EE VR IHLE SN2 ST RosiE e AL E R w e R, JFiE T Softmax B %L
BEATVA—Ak o 1% i) 52 FH -l 208 A P o R AT I, WA 88 S R 52 BT 1) 2 S DR AIE ) F @& LA, 3
T RIEN:

Z =softmax (W) © Fy, @

Her, o FRT M Hadamard s, H Z e R 22 R & 55 A B B ) 4 1

PZ TR FHRFAE (1) B 5@ SN ABCR b Al 2 L] (U SENet) ) R BR . SENet £E T 5H3E & ) I Il 2%
X PERURFAEREAT B4, MTRTRT FROIIAS BE = AR AN RIS . AN, 1 THRE IS 20O 45 B 5 T i RARRAE,
[Fi B PR T B S % B

TENNBUREAE B —2B 5] N SCConv FFAEALALARER LIS /D TU AR 3 58 3R 1k B8 71 SCConv FH /> F 50
ERRL R 2% 0] B A B G (SRU) 5 i 1 2 44 B4 6 (CRU) .

2% W) F R B G S HEAT A — A Hdsd Sigmoid #3201 HRAUE, 6 m T BME R RLOR B, AR T B
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EAGAL GG, T SEBLIE IG5 . Bl e RRF AR TE 2 I FEAT S 4L, DMt 5 B A BIF R
A TCAR -

I E AL BT I AR AT PRy - AR - S o RREIEIE L L o NS gy, AT 1x 1
R, TR P ALRFE D e Rl 4 SR P38t A R Softmax 75 21818 H & M, T iR 5 E 2 E
T o fo 2K B R Sy 2 A NS B A 45 S . SCConv RRHEAR KA B A ] o WA 2 [ 5 3 5 5 T
JUARMEE . B9 U5 B .

B JERRHE B P A S R AT 028, fanth 2o A Fash AR i it & 2R

2.3. EEEIZK

TR R AT 5y RN S8 5 MR AL BT 51 N BN S 22 S, FRATTR F FLAT 28 OIGIE SR PP A A5
PERE. BRI S, SRR T8 SIRAE: WA R B e A LR 4 v T, Feii D — R
MRS, HARVIE NI, 20 TR BTy . AR Zhid FE b, #0845 /4)11 %% 50 4 epoch,
AR A R A 2 R IR SRRV REIESE 10 A epoch AFRTFIF IR, BRGIZA IR K
1000 4~ epoch {5 1k IZRTERSE, A INGRIF B ALTE ML BT VT4, DRSSz ke, FRATTR
FHAERAIZR (Acc) . FERAZR (Pre) L K F1 23 B (FLTENIEM Fabr. HoE R

Acc — TP+TN @
TP+TN+FP+FN
Pre = ™ 3)
TP+FP
2-TP
= (4)
2-TP+FP+FN

Hrp, TP R/RHEIEHI(True Positive), TN 37 H 61 41(True Negative), FP FKxf iE i (False Positive), FN
Ko bl (False Negative) o

AT, AT X%, HEH RAdam RAL2s3ET Ik, 2 3] R EZ L S E N
0.001, Batch Size X4 16. H AT LUK T A W B (BFHESH. IS 5K R B 5 HE 460
R FTEBERIER & & 0T ENL_ LTI, 1Z T EALEL & — B GeForce GTX 4060 Ti
GPU (16 GB &.47).

2.4, MfECHRE

BAVERE DL AT XL, BN EAMRER 72 T28 A8 R0 i FEAS 5 A0 A b 48 8 5 T s 1 7
%o

EEGITNet [20]: EEGITNet 454 Inception i 54 sk I R, REGE A FERHUINE . 2% 0] 5 1 [A)5E
1iE

Conformer [21]: Conformer &R EEG W A7 51387, FH Transformer HiF & 7 KR
IR, B e ISk A5 R

DeepConvNet [17]: DeepConvNet H LA EAABIRA Y, WA — MRS - b=, B & =4
PRER AR - ORI, DL R & ) A4 softmax 732K )2

ShallowConvNet [17]: ShallowConvNet 5 H i [8] %5 FR B2 U BCRFAE, T 2 [A) 45 AR 27 >0 a8 (Al A =,
HBRLP T - B AR SR DR A5 B T2

EEGNet [16]: EEGNet KR EGARERANI] (B 8L T 5 ) S A yE ks, JH@EdE SR aa A
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Figure 3. Accuracy of Ml data for each model on the OpenBMI
dataset

[ 3. HIERIFE OpenBMI HUEE T MI BURHDERE

Kl 3 R T B AR ATE OpenBMI i SR8 340 G e 4 AT 45 IHERRZE X L. T LAE B, AR SCHEH
BRAEER R E AR R R I, X5 72.95%, BARUERZ R Z N T X EOEAY . 125 LR, ACA
A8 7E 12 ) A8 G ol o 2% S B BE B IX PR RFAE R 7R, AR DRUE BEAR 43 S8 1A 28 1) [R] I 2 1 7 1 28 i
IR SEVE S 2GS, MM A S 58 i B MIAE S5 IR o FERRE 1 5 THT, AR SO AL bRl 2K T
EEGNet. ShallowConvNet. DeepConvNet £ Conformer, 1T EEGITNet, HE—FI0AF 7 HAE A 5L
R EEYE . BEAR, X t R AE R R, ASSOR 50 U A AE K T AR B REZE R A Gt
2 (p < 0.05).

Table 1. Accuracy and F1 scores of each model on MI data from the OpenBMI dataset

= 1. BHRAF OpenBMI HRE SR MI BURRIEIHEF F1 2%

fatn EEGITNet Conformer DeepConvNet ShallowConvNet EEGNet Ours
R 53.59% 45.16% 66.46% 69.43% 71.07% 74.02%
F1 % 0.4780 0.4786 0.6076 0.6586 0.7056 0.7200

1P fRoR T A BUUAE OpenBMI Hdli e LIRS RS FL 708, HuliiBor, ASCHEH R AR
RIS LIS TR ILA R . A A 3 BER R T, XA Rt DEN] iz R A R
B 7 S RE, IR R T R RSB R AN FL 08 RILH B SR ISR G PERE 5 AR E TE, MIRIIE 1
FEIZ BN AT 55 vh AL BE ST 2% A5 5 A R

NFERARR P OB B AR R, SRATEEAT VRS . 45 R 2 Pox, WSS, [FR R
% REZRHIEE FAEHAT SCConv AL AL AL 2 S EUERE T B 5o W1 (P4 {IK 2.10%), MEEZ R, A2 ER
FRAMBLER (R BE T BB R 22 RUBERHIE S PR 211K 0.62%, o BR SCConv AL AL ER 41K 0.50%) -
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Table 2. Ablation study results of this model on the MI data from the OpenBMI dataset
= 2. AHEEFE OpenBMI BURE A MI U LI THYHRIT RS

TH Rl Sz TR =R FER S
w/o £ R ERHIE L B EL& SCConv KHAE L LR LR 70.85% 71.18% 0.7065
w/o % R FERE IR FEAR SR 72.33% 73.10% 0.7185
w/o SCConv FFEAT A AR B 72.45% 72.88% 0.7219
Ours 72.95% 74.02% 0.7200
w/o% RS FHE AR L &SCConv L A SR Ours
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Figure 4. Model feature extraction visualization (Subject 2)
B 4. EENREHERT L (IR 2)

FATEIRTT TR 5 A B RS DU N AR AR A o BT 3845 = AT BRI e AR
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