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2 M 4% (Convolutional neural networks, CNNs) E.7E 32 31 48 4 (Motor Imagery, MI) & HL3 1
(Brain-Computer Interface, BCDSUEIE T Z AN RFHE. AW, ETHE-RESREHIE
HEUMNBEESHFRSIBEESHEUGE R TRE NS RECNNERRBRIAE R ERRE, EEF
PGE T F PR 5 REATRE, BULHEREEEZ HNEEDFERE. AT R ERRE, Hx
W4 T SUR I 24 ME R4 M 4% (Dual-Scale Spatiotemporal Feature Fusion Network, DSSFFN).
FAVEE R BN IR A5 5 AR R B RRME, 181 TransformertE %1 K B AR RE
FIAREBETRE S, MIMIRFHRE R A B . ASCR A BCIZ BRIV 2aBHRE ST LH, RN 524 8IHEH
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JEILH T DSSFFNAREIEIZ A S s IR FIAE S LR Rt pe . Bbsh, B FEE R SEIe 47 T R E
i R 53 3C 5 Transformerf Xy B G TTHR,  BAIE T SR A Rtk . IR EE T AR
R A BRI RN, HE— P RE T TransformerBL3RE & XUR BE A Bt .
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Abstract

Convolutional neural networks (CNNs) have been widely applied in motor imagery (MI) brain-com-
puter interface (BCI) systems and have achieved promising performance. However, models based
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on single-scale convolutional structures are often insufficient to fully exploit the diverse and rich
information embedded in EEG signals. Although existing multi-scale CNNs can extract features at
different scales, they usually fuse multi-scale features through simple concatenation, which makes
it difficult to achieve deep and effective collaboration among features from different scales. To ad-
dress these issues, related research proposes a Dual-Scale Spatiotemporal Feature Fusion Network
(DSSFFN). This method employs dual-scale convolutional branches to extract EEG features at differ-
ent scales, and further integrates the features from different branches using a Transformer module,
thereby enhancing the discriminative capability of the feature representations. In this study, exper-
iments are conducted on the BCI Competition IV-2a dataset, and the proposed method is compared
with several state-of-the-art MI recognition algorithms. The results show that DSSFFN achieves an
average classification accuracy of 72.65% on this dataset, outperforming all competing methods,
thus demonstrating its superior performance in motor imagery EEG classification tasks. Further-
more, ablation studies are performed to analyze the contributions of the dual-scale spatiotemporal
convolution branches and the Transformer fusion module, which verifies the effectiveness of each
key component in the proposed network. In addition, the impacts of different fusion models on the
proposed model’s performance were compared, which further verifies the effectiveness of the
Transformer module in fusing dual-scale features.
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1. 518

142 1 (BCI) R G0 vl id@ i RAE KM pH 2 i R4S 5, SRS AR R I 30, IR AR & SR HiME
FEER S, AT SRR 5 A % 8] () Bl (5 5 4%1] [2] SRTic R EiE s seR %, H
HH i F €] (Electroencephalogram, EEG)H AR A TLBIVE . (RECA . (B4 1 L it (8] o R 56z O 5, 1k
N BCI Ak [ it R 7 0. 128 % & BCI 22 —, AFZEaT ANESEMERE,
W IRBARSERREE I iE s . 238 5 BCI (MI-BCI) CAE B2 J7 i B U S UL .- 5 o
NERBEN LA B TR, By s ol 1A PR B ()48 4582 . [, ZBEORIE RIS Ui xR 5K Bl
WU M SRR T R PRI E RN HE J1. 2R, EEG B 5 A GAAEREM . PRt S5 A
GRBG, BRI E R BE SIS E, HisdE S EEG MRS TAE Kk T 1% ZH AR

1 EEG {5 S ARSI 707 1, 0 0N 08 35 36 R FH A 48 A 1 22 S0 30 R S AL G L8 2 ) i R EVE M A &
7%, FFRIEEE LM G S (MI-EEG)MS T/E. Hrp, =i (common spatial pattern, CSP) [3]
SN2 (IS S AR GORFE SR I 7V, %0 BEL Dl do ) A (A A S s L ) ) A TR, B
KUAFKAE SR ZE R Bbf5, 5T CSP MIATAE Ji 2t i (i FBCSP [4]. R-CSP[5]), #—# ik
THHERHFIBIERE . Be2e, B SRR ENL. LRSS R EILS FRRHEIR TR A, 5
BT HFRRFIE 1) 533 o AR G5 > 77 1 e BEAORU A 1 S R, 3X — R BRI 2 7 4 SRR RE I 32 T o
BeAk, L3S 2R STE 2 2 BuE AR £ v @ 5 T BE TG R .

N T R POX G A B, 3T AR B A IR T2 S A I L 1 AR . R 2 ) — P ) i B i R AR E
20, e EHEE M RLGHN G T B B S HIIPERRE, JRBRHEIRIS R G — . TEARZIRE D]
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BRI, FHFHZ /2% (Convolutional neural networks, CNNs) 5 fik AR R (OHFE R m B8 11, Be b [F] I E s
00 LA 5 RN ) 5 23 [ 5 A5 2, D DOy 2R T2 s A U AL EE 11 (MI-BC) R A IZ D EAR 2 —.

Schirrmeister 25 A\ [6]1%¢ 11 T PiFl G AR 1 BB M 4% 45 44 : 7% )2 45 #4 ShallowConvNet 5 7% )2 4514 Deep-
ConvNet, FH7E MI AL BRAE T — 3 RIF RIS TERE . BlJS, Lawhern 25 \[7]#H 7 EEGNet, %57
BRI NTREE T B GRS B, E R RIS SEONB R, RORGRR TR I R B

WIS TR AR 52 AR T TERCIER b, B T AT AN I S i 1o 5 ) S0k 5 R AT AL ) 38 5t
BRIPERE . 5140, EEG-TCNet [8]4 EEGNet 5 ] %44 % 2% (Temporal Convolution Network, TCN)AHZE &,
FIFH TCN KIS SZ BFRE M I s B 8] 7 5145 R RE ), T E— 2038 T+ T 0 K5 . Mane S5 A
[8]#EHH T 3T yE Uk #34H CSP 1) FBCNet, 1 CNN MZAEAE 5 4 IUE &, Xt MIUES T3, It
Gb, N TR E ML RS IAERTE, Altaheri 55 A[9]#2H T ATCNet, MRS 1 E IHLH]L 1
() 45 R DL R 3 T 1 S, {EARFAE ARG 0 7 AR T & 487t . 7EUbBEAt [, D-ATCNet [10]i#1d
FINBNEBRMZ EGE TN, KR AT T 3 — Ak, AT SE8 1 58 & i) 7 KBk . Zhao
S N[11]82H CTNet, f@h&5HUEEAN Transformer #HH DL ER R 358 4 JR AL -

REGESET B REBRE M SRS MR s R TS H O s — bk, HhTmE
{5 SAEM R AL . B 23 A7 A2 2 (B4R $h 25 10 55 D7 T2 S It 63 1 22 ROBERR M, [ e i 2 BT 1)
TR A DA R SHE A [ )RR AR QA RO ASE, AT E 52 4% i FEASE Q21 1 e ) 7 THTI A7 AEAS 2

BESF R IR, AR U TR 22 R A SR AR 5 N e ARSI 4 s R vt E e, R R
ANTR) RST R BAS (] I (B JRSS2 90 BB ) IFAT 40 3, LSBT 2 I [ ROBE . 2 AR RS B IR B A5,
NTITHETH W0 28 36 B 252 i A5 5 S5 P R R AERE F7 o BT, Dai 28 N[12]42H 7 HS-CNN £5#4, DAZEMRAS A4
AERFE ROBE 73 A AN 22 7 ol /s Ko 55 A [13]3¢ 7 T MSNN, M Z AN (] 5 47 %6 ROBE $ BURFIE R
et — 20 Z0 i R 2 T 2[RI AR DG, AT SR A5 38 HL 03 I RFAERR A ;. Salami 48 A [14]142 H 1) ITNet 25
4 Inception FEHL 545k (R AR L5 1, BEAS R 47l 3K 22 0 A FELAS 5 IO 1 AT 2 2 RIS B s BEAh,
Santamaria-Vazquez % A\[15]#2 ) EEG-Inception L 5| AR R EERZ D5, BRI TIEE S
MIETDPERE . SRS CNIN ZEN FEAS 5 Ab B P A7 7E (5 BAREUR IR . L4822 U CNN E1240 1 AN [A) R FETR]
SEMAENES, SBURERHARD .

BExhx s PR M, ASCEAT T FROBUR I S RRAE kA [ 4% (Dual-Scale Spatiotemporal Feature Fusion
Network, DSSFFN). %48 0] [6] 35 $& B FELAS 5 7EAS [F] RUBE T BRI [AIRFAE 5 28 (AR I, 38 I A 88 ) il
AHHIESZ REEE . FETTEEHE: RARE 7 —FBi R T Transformer (80U I 25 RFAIE fil &
LW 2 KARTNIZ B G EEG 55, %M 28 Al 3R AN A RUBE I (R F0 23 (45 6., AT 78 7042 9842 3 A8 Gk
S5 B R Jvik— D248 2 RS RHE R ENE, 51\ Transformer SEIURUR (S B IR E
R, R AR A ) B R AL .

2. LIRS
2.1. BUES R

AW TR I BEEE N BCl 3238 IV (1) 2a ¥4 . AR EA S 9 4% RE, a2 RGN FHE K
T AT BB &k KIEEN I GAT S . BARE R A2 j AT 7T MSZIIA IR, Pzl
EANE H A, 22 /> Ag/AQCI HEARTE 250 Hz KA. BN EE 288 IRSLIRIRIK, DYSATS &40 72 Ik
WK, kA JRIGEIR AR 25 MdRiEE, Hh 3 AN AR H(EOG)iEIHE, 22 4~ KM HL(EEG)
I, TR T IX 22 AN RS TE A SR AT IR b . (ESERR T, FRATRE 2 N3IkE IR 576
ANBEAR, B 2~5 FORIBOE, R A 0 P U A K i FE R I DE B 8~30 Hz, B 5 HEATIA— 1k
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2.2, SCIQIREERE

AT, FrERALA RN 2R BOR A8 SUB R R R E, A Adam A6, %2205 0.0001, [H]
IRt /N[ 78 g 16 & %6 EERR R PR I R 5 B0 A 5 46 STHR HH 1R 1 5E - % HE 21 EEG-Inception 15 EEGNet
BRI R B B W) A2 L AC 128 Hz SRBE R AR, 10 AT 78 % A A B SR RE 08 250 Hz, (NS 7T
[8], FRAITHF 3K P AMASE R 1) B () 45 AR K B 5 B[R]t A 2 RST I T80K 2 4%, DASEBE AEEL 250 Hz RAF
B A TR ALK A T A8 SCIRAIE VAT PEREVEAS , IR AR08 200, SEEGHET PyTorch ¥R &
2ESJHEZR, 7 #5K GeForce RTX 4060 GPU 34T .

2.3. XFEctEH

Shallow ConvNet (ShallowNet): ShallowNet &% [ 1 1HH TXHRGAE 54T 0 K0, EREEXT MI-
EEG AT/, (NHFEWNERUZE 0 MPATI B AR MR, LA —A P2 .

EEGNet: EEGNet /& — M2 &2 g 5L . & W AN (] 24 B2 EAT I (B) 5 0, VR 2 Tl 4k FEEAT IR FE AR,
5 E I A SRR SRR L

EEGInception: EEG-Inception {8 Inception BEHRHEHL 2 REERHIE, 7 PRIFAR Y 42 5 2 1 4244 [m] B 5
IR A PR B

ITNet: ITNet fli# Inception B S AR He it 2 R I 2 RRAE SR IS AR 28 B2, R T 14026
PERE.

CTNet: CTNet &2 —Fi#5#15 Transformer & TR A PSR . & i B AU SR BN FLAE 5 1))R)
5 2 [ 4EAE, FAIA Transformer $3E & 2 RFIE I & R K &R
3. IRBIZEH
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Figure 1. The architecture of DSSFFN
[ 1. DSSFFN H9Z244

KR IS R B RE S AN HEAT 5 P i 30 B 82 B J 78, T/ RS A D B 3 B v IR I A
Bo NRDFAEAFRE N RS RSSRE R EAMES, AR 17— MR 2 B AR 4 2%
R, AR R R LA S ) 2 R AR 5 2B W A5 B . BB it b, ABE
SN LAE[16], BRI R B0h 25 5 51, Bk cd sl it FH 2dfs 45 250 Hz BRFE#.
Horb 25 fE /N REBRZ, RIS 0.1 PRI (E & 1, X — RESHTARX EEG {55 R # 5 AL TR B
RSB — 80 51V KRB, ERZRAE R T K R R E R IR K, Rl o oz it
SCHL T I FPRFAE R Lo Xt 550 BEAh, D9 R SR EERFAE (A 8 15 i R, AR SR Y — Ak Transformer
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PIRFIER SR, DL — P RlE SR BEI (A B I S s Rp R 0 Be 77 o PP 22 an &l 1 Fros, B XL
R B B A M 25 5. Transformer BEHUF1/r A%

33— RAAET KR ER (A1 5 B A5 BRI, FIHCR KR EER RGBS S RGN G5, X
HFEANRSE R x 5B RREGRIZF A 20), XTEMGEMHEE S HATIER A .. B, TGS
M FARSFAC x 1), C RIS i E S, SRIUFERIM SR NE R, %R AMUEERIE
AR GRIZE I TGS EONEL, AN B /1. BeJa, RSN x 75) I~ 3A0 2 I 48
IRV AE BERFAE o 29 S — I AL BRI AR T R G0

X, = Avg (SConv(TConv(x))) (1)

i NRFAE x € R*2 70, BiHRFAE X,y € R, TConv IR, SConv A7 IR, Avg Jy T it
RA=E
7p S REET/N R R 5 2 RS B 5 G, IR AN R I A6 5 S B RN A 458 .
BB RUZRH F AR AL x 25) 1/ REZEBUZ(F O 20), $RIURN A5 5 T B @R IE sy s bS8
EIERUZRA FARSIAC x D%, ABTARHEE 2 R R E 2 fUa, 5IA—DMREA
(A x TR PEHAL R, 8 58 B AELE R 48 (R TR, S R BIR JBE FR B 27 STRFAE BN P A5 R e 23 S IS
fi2 2] Rl Ut
X,, = Avg (SConv(TConv(x))) )

Ho 3 NHRAE x € R, S HHASAE x,, € R, TConv ARG, SConv A IAIER, Avg T
Mib)2 .

TE L — M )G, BAVRE] 2 ANIEAE SREE . BAVIHK 2 NRHE B 5 U8 i 3 4k g k47 9t
B, 198 x, e RO, Bi)5, FATIEN Transfomer HEHEELAXU> SAFAE, LLIE— B Al A BUR B (5
B REFIER I EE J1. Transformer B FIZ 0 7E T £ 3k A & JJ(Multi-Head Self-Attention, MHSA)
PlUblle BARTG S, BN RER S x e RUT , FONIEIRAR4ERE, T AN IM4ERE . 1 Seimit = 4 28 v e st
3 AAERRCE Q) BE(K)FMA(V) M. BEfE, ik 4 s A B L S I BLE

. QK
Attention (Q,K,V ) = Softmax \Y ?3)
@)oo S|
Horpod, FoRBE A B RAERE . 2k FVER IR IR AR LERE 73 B h 4y, 0B NB RS, e
SERBIRAA R, XA IR IR D
MHSA(Q,K,V ) =[head,;---; head, , | 4
head, (Q, K,V ) = Attention(Q,,K,,V, ) 5)
o, Q. Ky» V, e RPFM S BIFIRA S | AMER k0, SHHE x, 52 BUL RS, A4S 5
FI A RAERE . BAEPE SEMIE. fJ5 Transfomer Bibd a4 5 AFIE x, € RO,
RABIA G — N EEEEAN A softmax 2. KA G RFIERI B 7 22815 B 55 1040 28 45

4

R
4, SCIGHER

K 2 Jon T ABAE BCI2A HESEM 72 Ra R A iRl DSSFEN SEBilfi iy 70 SRHER RN
72.65%, IS A XS UL . AHECT SR T AF Y EEGNet, #ERIFRIRE 1 1.24%. MHECT ShallowNet.
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EEGInception. ITNet. CTNet, #EHIR /> HIHEE T 6.78%. 8.82%. 11.06%. 6.87%. # 1 FEHl T & HEA fr
AHARM Uk Z . Hoh, DSSFFN fE 5 Mk rh 2y kel T A 2 . EEGNet 7E 4 N2l
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Figure 2. Classification accuracy of different models on the dataset
E 2. SRBEHBE LS LERE
Table 1. The classification accuracy of each subject for the DSSFFN and the compared models
Fz 1. DSSFFN S5xftbiERIE B i & _ EA 57 FEME
(B so1 S02 So3 S04 S05 S06 S07 So8 S09
ShallowNet 75.88 53.30 87.32 54.52 42.53 44.47 79.50 77.43 77.95
EEGNet 77.96 55.02 92.53 60.42 56.94 48.10 84.90 83.33 83.50
EEGInception 71.88 47.38 84.54 58.34 42.71 50.35 67.70 77.95 73.61
ITNet 68.41 45.12 86.11 54.33 37.33 41.32 70.82 75.69 75.18
CTNet 74.14 52.26 84.90 57.46 42.36 47.22 75 80.73 77.96
DSSFFN 83.17 60.41 89.23 66.84 55.55 55.56 85.76 82.29 75.01

| 3 JEI | DSSFFN FiBUX} 4 Iz s AR R 73 R UEM S TR FERE . AT LA, DSSFRN fEC7r 37

FIEEE G E LIBINERATS, MRS 3] 90.97%F1 88.19%. AHE T4 Fia a8 S AR5k i, H

i 3 SR AL A s T %K

7 2 ] LA A ME B DSSFEN BRI . BARTT &, 2032 — 1 X U IE BF R 42 AR Al
FIPERE, AHNHT B — 4 S BB ANES I FE . Transformer V5 AR i B B2 R 40 2 —,  FAE 280 43 2K uf
MR T 4.44%, X785 UL T Transformer AR B 5% A R k& XU RFIE, DLE— D¢ m HL

Jibi A5 5 R AR R AL A R 1
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Figure 3. Confusion matrix of the DSSFFN
i 3. Confi f the DSS
3. DSSFFN KR EXEREE
Table 2. Accuracy contribution of each module
2. BIERAERERTE
Iy 37— - Transformer 1% (%)
v x v 70.70
x v v 70.20
v v x 68.21
v v v 72.65
Table 3. Accuracy of different fusion modules
7= 3. T EIRERRAERZER
Jii: THETF % (%)
SE 68.66
Transformer 72.65

% 3 ARG N AR R o R R LU . TLAE Y, R SE ARER[L7]RF, AR 4 2k
2K 68.66%, FHEL 2 HERAR Y (A H 7332 — 15332 ) 68.21%F& 7+ 0.45%. ifii LA Transformer £ 97l
AR, BT R IR T2 72.65%, ik 2 R IR A 4.44%. X LG AR Rl A B E AT AL,
Transformer fili & BEH R8RSR T SE AR, 73 FSHERf SAH XS $2 7 3.99%, 78731k B Transformer 524k f
T O SEBOUR EERFAE IO IR P R G, RIR SR THRFAE 16 40 31 e

SAKTE, DSSFFN 7E BCI 3538 IV [1) 2a #HEAEIAS | AVH EI’J PERE, XA T XU R 25 U Y
STRFE AT AR BURT Transfomer FEHOG BUR FE IRy, LARE— 2552 i i v E%—'%{EE’JT HERIE

5. &ig

ASCHR T — P AR S I 25 R AE il 25 X 4% (DSSFEN), - 12045 7 SR Y 00 R 82 Sk 12 BB HL A5 5 F) s 2 A
FE, DUSFRA DR R 255 B . SRI5 53 Transformer BB b & XUR A5 B, DUk — 5 Bib & XUR B I
()45 B I R AE I HI A RE . A SCHE BCI 5638 IV 1) 2a B SEXT DSSFEN BERUHEAT 7M. AW 5T
o1, ¥ DSSFFN 5 EEGNet. EEG-Inceptio 55 -y /i LS SR AL EAT X L . 25 KB, DSSFFN K
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AL TERE, Foor P B MERA R B 2 A0 T 0 BARE, S8 e 1 XSUREERFE SR B S Transformer ¥R ff
RIS A R . ASCHEH ) DSSFRN R — M BA R K /IS s A R RSB, FER R AT T
IBE R MHLE D RGERIEISESS 2h, DLk RS HI T SEME.
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