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Motor Imagery EEG Decoding Based on Dual-Server
Federated Learning

WU Jianmin, ZHANG Yuan, QIAO Xiaoyan’
(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)

Abstract: To address the decline in decoding performance due to the lack of motor imagery electroen-
cephalography (EEG) data and data heterogeneity, this study proposes a federated learning model. This
model integrates a dual-server structure and multi-head attention mechanism to facilitate the recognition of
motor imagery tasks in heterogeneous EEG data. Reducing differences in EEG data distribution between
clients by Euclidean alignment methods. The dual-server architecture is designed to tackle data heteroge-
neity. Server One identifies and shares optimal features from the local model, using them as a globally
shared resource to improve client update strategies and resolve client drift issues. Server Two consolidates

parameters from the local model, performing global parameter fine-tuning training to enhance the model's

WS A 2024-11-22

E€WE: PGE I A BHF I (202487021

EEEAN: RAER(2001—), 5, Mi-bAE, F 2N Fig shAH L L ORpLES 2 2 Bk 5E . E-mail: wujianmin178@163.com,
*EIEIEE : Trlbei(1969—), &, BdZ, M+, EENFHLE LY ES(F BAFPFY . E-mail: xygiao@sxu.edu.cn,



582 il

[EVE S S NI S

2025 45 5 )

adaptability to heterogeneous EEG data in different scenarios, thereby improving the universality of the

global model. The incorporation of the Transformer’s multi-head self-attention enhances feature represen-

tation and learning capability of motor imagery EEG. On the BCI IV 2a Brain-Computer Interface compe-

tition dataset, this model shows a 21.05 percent point improvement in EEG decoding average accuracy

and a 0. 283 increase in the Kappa value compared to the federal learning benchmark model. In cross-

dataset testing with different users, environments, and equipment on two EEG datasets, the EEG decod-
ing achieved average accuracies of 71.13% and 86.63% and Kappa coefficients of 0.615 and 0.822,

respectively. The results demonstrate that this model can deliver stable performance in scenarios with mul-

tiple users and devices, and highly heterogeneous data, exhibiting strong generalizability.

Key words: motor imagery electroencephalogram; heterogeneous data; federated learning; dual-server

architecture; multi-head self-attention
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Tab.2 Comparison of average classification accuracy and

Kappa value of this paper’s method with other methods

o A %

" FedEEG  Fedavg  Fedprox  Scaffold DST-FL
A01 82.66 72.42 73.85 73.82 84.33
A02 36.42 91.52 92.34 92.29 94.82
A03 84.39 77.98 77.65 77.64 85.59
A04 41.05 51.79 52.33 52.26 55.48
A05 46.42 50.96 49.68 50.59 57.36
A06 38.57 44.18 49.85 49.82 55.79
A07 73.41 75.12 74.15 74.19 81.88
A08 75.72 71.06 73.23 74.52 74.23
A09 73.41 48.02 49.87 51.28 74.59
ol 61.34 64.78 65.88 66.27 73.79

Kappa — 0.530 0.546 0.551 0.650
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Fig. 8 Comparison of classification accuracy and Kappa between aligned and unaligned samples

DA TS AT 5 A [ Al R 3R 1) S A
P, DLRIRIR 7 > v EA B X 5 78 G A B 44
T S € S DR RS s PN L - € 1 B
Python H1 9 MNE 23 ] 41> 451 ) il oL 3 2 14
K9 O 4 iz S AR R AT 55 Bir A AR S ) ~F 24 iR L
IR, A SR — 17 9 R AT R 5 B9 S5 i ik o s e
B, 50 AT 05 e Bk LI, Rl DL M

TERZXTFFIIBOLT , 924 8515 A I 1 fii e 1] =2 ]
A EZER, KPS R RREAR T B R >
BRI PERE . M, 200 EA X555 B HL A T 25
BT, B ECGE TS, T R
21 1 UL 5 EA XS 55 5% AN ] 3 A 1A 1) HL A2 g
K10 Al 11 J@/R T A F Al Fiz sl A5 1)

I Fi A 1

B9 £ERREANAYN R HE R
Fig. 9 EEG topography of all samples

B 10 ZFiEzhBsAmEinEE
Fig. 10 Left hand motor imagery EEG topography

ML 10 AL 11 A% 55 10 JE 4 i Fi, i 7 ] v
AT RAWER 3 E gl Cn i 10 g Ao4 AT 11

(49 AO3) B 1 ML 7 AR S i DX A% %o % 5
A4 (ERD/ERS) , {HEE {4 I 9 4 9 i [H]



CEVEE 173 1D

LT UMK 55 A R 27 > 193 S AR G il v A iy (R R 45D 589

TR T =2 1 N /NT(TI fEAXﬁ?FEwHwEE
M K, R H 300 ERD/ERS #1475 15 AT

A04

2., BT W i H o A A S BT R B Y
—HE, R TR 5 TR B A Rk

TLITETS

11 AFEHERMEBFE
Fig. 11 Right hand motor imagery EEG topography

3.4 BHEEHERGEST

JERFGE DST-FL N Tk @ AL . A
A3 25 . AN s [B) R PR R 4 19 54 EEG 08 1)
AR, K BCLIV 2a 5088 519 9 £ #ik (A 44 R
A01~A0D 5 BCIL I T a % 4 14 3 MR (Av 44
i A10~A12) AT 85 50040 45 5546 1o Fi 5080 1 16 I
SRR . SEI A o SRR AR R S 2 R
EML . EZ2BIRENT, ESSIIAGNE
FS B BN, AN TR P i =2 [ ) B e B S A
Pk — 203, T SSHIE T DST-FL J5 ik b3
SR Y g

100

W 2/%
2

40

20- AOL AO2 AD3 AO4 A5 A06 AO7 AO8 A09 Avg

& i
(a) J3ISHERA RN

BRI BCT IV 2a 84 A01~A09
(1 9N P BAEEL BCT I [a BedidE A10~A121)
3 P I AT I A, LAEZE DST-FL )7
AR — B TS [ A L SR R )
T,

ZHAEAEINR B R INEE 1 A, KR
[EIHLKE . AN [RIRE4% | A [m] s ] SR 4 1 5 1 50 40 42 e
AR AR A, T 124 % P i BB

T A SCYN 251 DS T -FL A A 47 il v, e 13
Mk, SRR A | 2800 4 s S AR 4 ki i - 4 53
JEUER % Kappa R ECan &l 12 F1iE 13 i, H
TRRARIE R A R UER 2, R IR Kappa 22K

1.00
—v— AR
—i— ZHE

0.80 Y \\

0.20

AO01 A02 A03 A04 AO5 A06 A07 AO8 A09 Avg
Egab)
(b) Kappa Z£06)

El 12 BCIIV 2a BERE TN & HIRERT LL
Fig. 12 Comparison of BCI IV 2a single and multiple datasets

M 12 FE 13 ATRLA H, BR AO2 AT AO4 % 7
Uik, A AT % P i ) 43 S Aff 5 i Kappa 225X
PIH FTRRAI, A0 % P i A 1 ff 6 A Kappa 1% A B
WA X TR 28R A D BEE A 1
i, P ECE R AR IR R b ) T 1 SRR
PEr % P e, AR Re AT T R R, {0 R R

R AT/ N . SRR DS T-FL AR i X s
SRV PR ) 2B TS, AR RIS 4
FERaE 28 ERE . I0IE T DST-FL ZEAN I 7% |
S EEG $iE 7 TS, AR R F
BT A I3



590 meoow HOR % R 2025 45 5 )

100

Bt -

80 0904\
S 2 \\
80 £0.80 \/A
ﬁ 3 ‘\-/

70 0.70

604 . » 0.60 T T T T

Ug)il”" 12 A10 Allg)ﬂmAH Avg
Uiy Sy
(a) FFJEUER AT L (b) Kappa ZREOH IE

B 13 BCIII MasHRE S HiREI L
Fig. 13 Comparison of BCI [ Il a single and multiple datasets

3.5 SEhFE5S R BRI ZRSE U L 23 A A g A A A T
I oy g PO B R WA
S & - % AR ) I SR FLA
AR, AEobstilgfh, TR o T DR DSTFL B

RIMEATIN, 255 an & 14 FnE 15 Fios .
IR A b, SR 4 A LS P

100 1.00

—v—4hs{
A —a— iR
80 0.80 o \
<60 _0.60 /
=
£404 0,40 \\—/ \/
204 0.20
A01A02 AO3 A04 A0S A\JQJG A07 AO8 9 Avg A01 A02 AO3 A04 A0S A06 AO07 AO8 A09 Avg
HH Vi & P
(a) JTJEUERRRXT L (b) Kappa 22506}

14 HIEEBCIIV 2a EhRIN &5 H RIS RIT L
Fig. 14 Comparison of centralized and distributed training results for the dataset BCI IV 2a

100 : 1.00
U T
[P T

=
(=]
(=]
%
g
(
2t
=3

%1%
o
=)

Kappa
o
o
i

40 0.40
20+ 0.20
0 T T T T
All A12 Avg Al10 All Al12 Avg
& F ity & Fity
(a) FTJSHERR RN L (b) Kappa 2506 E

B 15 #HEEBCIN MaEhRXNEESHRINGLERITLE
Fig. 15 Comparison of centralized and distributed training results for the dataset BCI [l [[a

P 14 R 15 2B R A HER R A 7ER)SS AR, SERUIERE R TR, DST-FL
Kappa (Bl A1, JUEE P IgRad S8Ry R oI oA ARl i Kl o 2% i,
TUIGREERIIUEL, (i TORREAL BN EAAE AT FEAMINGRd 5 | A S iR A G A TE B K:



G 173 1D

BT XUIR 55 A K 27 > 1)1z Sl A8 G vl fp B (R R A5 591

EIE T AR S SR 5 1), W OR% % S )l 25 fE
L R A e U T el 2, R S AR i DR R Hl
SR, RS AL AR TP RE

4 HERiE

ASCHE T —FRRiH L4 132 2 AR 5 i f 55d S
FARR R T 58, ALHE S A 2 A K 5 T B R 27 )
HEZRAY DST-FL 7k . Zeid Ak B 4 S AE S
SEAEAR T S T SRR AR AL BT A T . AUIRSS AR
ZRRE | 76 By SR A (1) A A R 4 SRR S
b, E R BR B2 i 1 Ik F A A vk . eAh, AR
FIRE T B FREUR Transformer 223k R IHLH], i
BEARVFFIE R RE 73858, DI AT P2 AT 55 o 2 i e
Wi, AR LRSI, A SO e T 9]
AN . AN]SR AR U A FNER I 4 oG FEL RS S A BT
MR AT BT 18 S A G I R AR P B . 2R
ML H R TEARIEAE 2% . 44 EEG 288 U7 T 41k
TH IS

SE Lk

[ 1 IKAWALA-STERNIUK A, BROWARSKA N, AlL-
BAKRI A, et al. Summary of over fifty years with
brain-computer interfaces-a review [J]. Brain Sci-
ences, 2021, 11(1): 43.

[2 ]t . 1B S R IRLEE D 7E 22 R e A vh
MRIFALT]. HES 4, 2023, 33(6): 477-485.
YANG Banghua. Application of motor imagery brain-
computer interface in rehabilitation of neurological dis-
eases| J]. Rehabilitation Medicine, 2023, 33(6): 477-
485. (in Chinese)

[ 3 INATASHA P, JAIME Z, HUIMIN Z, et al. EEG-
Based brain-computer interfaces using motor-imagery :
techniques and challenges[J]. Sensors, 2019, 19(6):
1423.

[ 4 JBRISEM, XIMEZR . TR B ) iz sh AR R L% 1
WLk T]. WBIEHA, 2023, 56(6): 673-681.
CHEN Maozhou, LIU Huadong. A review of brain-
computer interface for motor imagery based on deep
learning [J]. Communications Technology, 2023, 56
(6): 673-681. (in Chinese)

(5 JBRER, oR, skati, 4. BRERIE U= [ iz

SRR S IR = [T pEAY B TR
4, 2023, 42(6): 659-667.

XU Hui, HE Hong, ZHANG Huimin, et al. Transfer
learning for motor imagery EEG signals in Riemannian

manifold tangent space[J]. Chinese Journal of Biomedical

Engineering, 2023, 42(6): 659-667. (in Chinese)

[ 6 ] FWEA . T Ik R A Y 2 K0z s A R
PR SEMFFE D] PU2: PILRT R, 2023,

[ 7 ]WEL X, FAISAL A A. Federated deep transfer learn-
ing for EEG decoding using multiple BCI tasks[C]//
2023 11th International TEEE/EMBS Conference on
Neural Engineering (NER), 2023: 1-4.

[ 8 J R I T30 B A/ NVEEAS MI-EEG {55 b B3R 3%
WIFEID]. BR/RIE : IG/REE Tl R, 2021.

[ 9 ]WANG T, SUNJ, LI1Z, et al. EEG data enhancement
and emotion recognition based on generative adversarial
networks[ C]//2023 TEEE 6th International Conference
on Electronic Information and Communication Tech-
nology (ICEICT), 2023: 1051-1054.

[10] McMAHAN B, MOORE E, RAMAGE D, et al.
Communication-efficient learning of deep networks
from decentralized data[ C]//Artificial Intelligence and
Statistics, PMLR, 2017: 1273-1282.

[11]J A J, LEELIPUSHPAM PAULRAJ G J, M G R,
et al. Edge-based heart disease prediction using feder-
ated learning [C]//2024 International Conference on
Cognitive Robotics and Intelligent Systems (ICC-
ROBINS), 2024 : 294-299.

[12]CHEN S S, ZHOU W D, GENG S J, et al
Approach for epileptic EEG detection based on gradi-
ent boosting[J]. Journal of Measurement Science and
Instrumentation, 2015, 6(1): 96-102.

[13] LI M, TANG X. FLEER: a federated learning frame-
work for EEG emotion recognition [C]//2024 5th
International Seminar on Artificial Intelligence, Net-
working and Information Technology (AINIT) ,
2024 : 285-288.

[14] L1 T, SAHU A K, ZAHEER M, et al. Federated
optimization in heterogeneous networks [J]. Proceed-
ings of Machine Learning and Systems, 2020, 2:
429-450.

[15] KARIMIREDDY S P, KALE S, MOHRI M, et al.
SCAFFOLD: stochastic controlled averaging for feder-
ated learning [EB/OL]J. [2024-10-30]. https://
arxiv. org/abs/1910. 06378v4.

[16]1JU C, GAO D, MANE R, et al. Federated transfer
learning for EEG signal classification [ C]//2020 42nd
Annual International Conference of the IEEE Engineer-
ing in Medicine &. Biology Society (EMBC) , 2020:
3040-3045.



