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Abstract: Pattern recognition of electroencephalogram (EEG) signals during motor imagery (MI) has been one of the
most important research directions in the field of non-invasive brain-computer interface (BCI). In recent years, deep
learning has further improved the recognition accuracy of EEG signals during MI. However, given the strong time
variability of EEG signals, there are still some problems such as insufficient training samples and too high feature
dimensions. To solve the above problems, this study proposes a new training strategy called “overlapped time slice”.

Based on the existing cropped time slice strategy, this study adopts a novel overlapped time slice strategy and constructs a
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new loss function calculation and label prediction method with the overlapped time slice set. The overlapped time slice
strategy can not only further increase the number of training samples but also reduce the feature space of a single sample
to improve the performance of the deep neural network in EEG signal recognition. For the verification of the feasibility
and effectiveness of the proposed overlapped strategy, three open-source EEG signal datasets, namely the BCI
Competition IV datasets 1, 2a, and 2b, are selected in this study, and five kinds of deep neural network models are built on
these three datasets. During experiments, the performance and efficiency of MI recognition are compared between the
cropped strategy and the overlapped strategy. Experimental results show that the overlapped strategy has better
recognition performance than that of the cropped strategy. Finally, nine groups of experiments are designed with different
parameter combinations by adjusting the parameters of the overlapped time slice strategy. The experimental results
demonstrate that parameter combination affects the final classification performance and that tﬁe classification
performance is not in a linear relationship with the efficiency. The recognition accuracy of the proposed overlapped
strategy on dataset 1, 2a, and 2b is 92.3%, 77.8%, and 86.3% respectively. Compared with the conventional cropped
strategy, the proposed overlapped strategy has improved the perforr\nance significantly without necessarily reducing the
efficiency.

Key words: motor imagery; electroencephalogram (EEG) signal; convolutional neural network (CNN); overlapped time
slice strategy; pattern recognition; deep l\earning
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Hybrid ConvNet & —7F/fifi & Deep ConvNet 1 Shallow
ConvNet ] & ConvNet 2%, Hybrid ConvNet 7y 2 M
Shallow ConvNet H 52 B B 5 BARKRAE, PL A M Deep
ConvNet 1 $2 HU 2 538 A 1 RFiE. Hybrid ConvNet
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(16, 1, 35), S8 J5 B~ K /INJg 560 H—4E%0 4, e fe—
N AEREA 2 240 BAUX, A Softmax U MR%L,
KN 4 T — .
2.5 EEGResNet

HEZ /2% (residual network, ResNet) /& i1 He 25 ALY
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(14 i 28 3 b 2 B SRy e 1) B e SR 0 I R A 2, BRI
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S, NI B 2 BN R B
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loss(y', Uil fu(X'36))) =
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Batch norm

ELU

|

Conv2D

Identity x (shortcut)

Batch norm
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' # 1 EEGResNet 1k R45H
Layer/Block Kernels Kernel size Output
Input — — (1125,22,1)
Convolution (linear) 48 3,1 (1125, 22,48)
Convolution (ELU) 48 (1,22) (1125,1,48)
ResBlock (ELU) 48 3, 1) (1125, 1, 48)
ResBlock (ELU) 48 3, 1) (1125, 1, 48)
ResBlock (ELU) 96 (3, 1)(Stride (2, 1)) 561, 1, 96)
ResBlock (ELU) 96 3,1 \ &61, 1,96)
ResBlock (ELU) 144 (3, 1)(Stride (2, 1)) ) 4 (281, 1, 144)
ResBlock (ELU) 144 @3, 1) \ ‘ . (281, 1, 144)
ResBlock (ELU) 144 ? 1)(Stride (5 1) (141, 1, 144)
ResBlock (ELU) 144 3, 1) (141, 1, 144)
ResBlock (ELU) 144 - {(3, 1)(Stride (2, 1)) (71,1, 144)
ResBlock (ELU) 144 3,1 (71,1, 144)
ResBlock (ELU) ‘ 3 a4 (3, 1)(Stride (2, 1)) (36, 1, 144)
ResBlock (ELU), N ' 144 @3, 1) (36, 1, 144)
Resquék ELU) " 144 (3, 1)(Stride (2, 1)) (18, 1, 144)
ResBlock (ELU) 144 3, 1) (18, 1, 144)
Mean pooling — (10, 1) 9, 1, 144)
Convolution+Softmax 4 (1, 1) 9,1,4)
3.2 Cropped RERRIIIZR T % (crops):
s N s Bty LD
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YIGRFEA L trail-wise HEME 5 %, IG5 IR BEARE M
KRR A2k, X T IR A R FEA X e RET, K H
TYENEBIR L, WL BB A 58] — D HBIEAE S
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ANHEY 5 0 HE A i R R e 2 W 5 B TR 1 )1
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B I TA) U] v Sl it o, B A 2 B A il I 1) 1) 1)
JEE AV B PR IS TRD G B2 0 T IR AR NI x, FE 4 TE
a, BZHUAERITEOLT, 18T B [ Y) s s %A
I Y17 A
O ={Xi . gy et = L1+ 14} (8)
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T ks Bt RV 5 Fan

E‘:F', n=1+ 3

TRV IERO], 5, FAR2EL IR A bR
— 3%, By JRAGREE V) 73 I B HE B i n S5
YE NSNS R, AR RIY) R Y93 77 5 fos.

BEALE v eroa]
i PG L
I Ii]
.
— R REA X, A\
a4 B ] K =
BRI St & ) ol ey
ﬁ%ﬁ%ﬁﬁ ARG

<

D19 n A =14 22 o |
p - |||
wE PN

A n NI HER R n AIRIEFE F5F 1]
A n RIGHEA 9 FFR BN y

classification

|

TRIBRZE: 501, 325000 V)

|

B 3y i} i
IR B Z IR AN
TR XTI AR 2

S Rt
e AR ] D) 1 S, 3T A O, R
KO) THERZE:
loss(y', pUil i 0}, 536)))
= 3 —log(pUulfilO i) -6 =) (9)
FE TR A RT, SR 2 S, ATk
AR A R K D1, S s BB, 3
) e B VORI TR ER 8 P 03 A R A A 1
I 0 TR 4. 2655005 (0 AR S5 wrial-wise
W RIS R — 5L

4 S 525 R
4.1 SIEAAN

AL A 2008 4F BCI Competition IV Dataset
1. 2a 1 2b =AATF R .
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Dataset | UEAEG K E 7 M fEHZA#HIITIE
R EEG #d. AR 2 B, Hp 2l 1 5%
RZREESAT L . A TFHFMZHNEER, H5
0 RRZ R LI H B 2R LN E T8N 2lE
(1) 59 AMERRGEIE 3h X I8 T B B AR B IE R 5. (555 LA
1 000 Hz JRAESIE, IHH1E 0.05-200 Hz 2 [A]33E 4T 75 il
JEVL. Dataset 2a FHEE A E K E 9 M2 HAFIATIEE)
BRI EEG #UE. 1230 R BAK 4 Fh, GBI T
FF L HAE k. /55 LL 250 Hz RRFEIIER, HAE
0.5-100 Hz Z [A]BEAT H7 S B8 . K &5 1) R W E
100 pV, FEAEH T 50 Hz B 08 5 2% 90 ) 28 %
g 75

Dataset 2a #{#5 5 1) EEG [E 5 REL WK 6 B

R AR SR AAE T LR R R IO AT IE RS B 7

S TP, ARt R A 05
R, 2 s, R LB 125 Swothm e, 4L b
SR (5 IR T 4 RS S48 R K Sk, B 2
TR AT S B3 B8 R 5200 T 46 5
4 6 5. SR SRS RA T 288 URIFEZ,
PR BRI RE L S IR0 288 TR REAS

FRH
_‘ EEEN
52 +7 PATIZBN S ﬁﬁﬁ\m
| o e
0 1 2 3 4 5 6 7 8

K 6 Dataset 2a $ A S

Dataset 2b HHEEA S K EH 9 M FIFHIZIRE e

T2 R EEG Hudl. 183 RRAN 2 7, (4%
LEFRATF. 155 L 250 Hz R RFESIER, J-7E 0.5-100 Hz
A HEAT 25 3 Y. TOK 2% RS BB A 100 pv, 3F
1) T 50 Hz I TH00E i 5 LA 28 B e 75 . 45t 3248
0 i R SR AL 5 A Session, BT 2 4™ Session
DRTCAGE S A5 P A AR AR, )5 3 A Session AL
P Bt 0 i FEL AR R B

Dataset 2b £ 5 £8 1 R4 TAE 7 N oL = 15 F
B AF S, T R S i AR WK 7 B, 1R
SERTFAGIT, B B I, I K H R 4
N, 28 a, g B BLERSE 1.25 s R R A B (4
AN T TR T 3h) HT Sk, BEG 2R AT
SR I8 B AR R IR B SEI T 4R J5 2R 6 s.

A SRR R A 8 B, £E SRR TT 4RI,
B ERIR KR, 2 s JE R TR SR &, 3 s
I e b I RR S 1.25 s [ 4 ) 22 B (23 5 T
KEFBAF28) MGk, BE 2 1E PAT #F kot B
B RGN S 1R A e A M B, W R A BT 1 IR,
Jit e B R C SR Bt 2 R R, 2, A PSR A

Bt e
ENLE ] | v
0s 1T 2 3 4 5 6 7 8 9

7 Dataset 2b JCALHE S W EUHE K S SL 56

PR i
| FEN
e+ wiTEnEg OF e |
N il o
0 1 2

3 4 5 6 7 8 9
"

8 Dataset 2b A M3t [ B R A 5216

AL S () 1 44 it B A CPU: Intel(R) Core(TM)
i5-10210U 1.60 GHz, GPU: NVIDIA GeForce MX350.

A SR FFIE ) ConvNetd B! BEG {35 1 fIHE
34T BEG 15 53751 (https://githuB.com/braindecode/
braindecode). %%%ﬁ?% Python 2§ =75 &£ PyTorch. %{
RT3 AE T HUSIA RO , 14 5O 46 3-38 Hz 2 [
HEAF MR, PRJF HEAT R 1%, LA Dataset 2a 4
SN, V153 B /INA 221125, TE R ZRFIIRFE AR,
5% )5 B V)53 I BIFE A% N braindecode HE 22 k47 Ak
P, SEIG SR B : trial-wise A1 overlapped Il 25 3R &
B KIEARIRELBE N 1 600, cropped Il 5 5 W 1) B k3%
RIRELE R 800. 2% 2] Z5H 0.001, {1 early-stopping,
15 11 55 A ik B d RAE AR E B R AR b iR 4y 2
RIEH T, 42348 F torch.optim 1 [) Adam 4L
%, T K B BUE A torch.nn.functional * ) nll_loss B4
K. Szue gk A A echarts (—ANJET JavaScript K
FRE AT AL B 2R ) 1
4.2 Dataset 1 SEIGLERITEL

FETF ALK trial-wise. cropped ¥ it H) &
B A (overlapped) SRBE, FIX 3 Rl 2k 520 H
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TARSCAHET S PR E N EE N 2545578 : Deep ConvNet.
Shallow ConvNet. Hybrid ConvNet. EEGNet
EEGResNet . H1T Dataset 1 Ha4E 1) 5./ trial 74
INF (8] 5%, £ Dataset 1 #4545 FKH] trial-wise. cropped
N overlapped =i 5 BE Il Sk 2 T ik B b 48 PR 285 A TR
Shallow ConvNet Fll EEGNet, 15 2| jT A 52 i # (1 i
£ ERRONHER 2 Nk 2 Fos. Hod, SEEG Y overlapped

I EN e, BZEUE Y E Y 100 F1 20.

HH# 2 W LUE H, £ Dataset 1 254 I, overlapped
Y2555 1% #E Shallow ConvNet Fl EEGNet b 173 25
251 T cropped VI 2R (1 73 H e 28, 7 il 387t
T 5.4% A1 6.9%. 7£ EEGNet B _F 1) 7 Uk ff R i
F trial-wise YIZR K W& 1), 7E Shallow ConvNet #E 7 |-
M4 SHERI R S trail-wise FIAHZEAR K.

%2 Trial-wise. cropped Fl overlapped (100, 20) J7i:7E Dataset 1 g4 LRI HES R LA (%)

. Shallow ConvNet EEGNet. §

Subject Trial-wise Cropped Overlap Trial-wise Cropped "~ Overlapped

1 98 89.5 96.2 88.3 \ 90.8 91

2 75.5 67.8 64 60 52.5 56.8

3 87.5 74 95.2 \ 55 80.2 822

4 97.5 93 97.8 FERX 58.5 96.2

5 95.8 100 100 100 100 97.8

6 92.3 83 92.5 60 61.2 71

7 92.5 93 - 92.5 95.2 97.5 93.8
Average 91.3 T 858 91.2 78.8 77.2 84.1

¥

% F Dataset 1 81424, 9% #a ¥ B A 100, 150
8¢ 200, B E A 20, 30 BY 40, 3774 9 HSHH G

9 HAFZHH A K overlapped TRME N T 2 Ff
AN TRIRE A PR R AR A 2R () 52 T 2 Le B 9 B,

8 -

:

PURIHER RS THE 2 L (%)
S

[ S}
T

e Shallow & EEGNet

*

-

0
[100,20] [100,30] [100,40] [150,20] [150,30] [150,40] [200,20] [200,30] [200,40]

K9 7f Dataset 1 I 9 ZHS404H A1 overlapped SEHE 117
SHERA ZSEF T 2 LE I A

M 9 7] LLE H, overlapped VI 2550 1 9 Fl 2%k
4147 Shallow ConvNet Il EEGNet % Ffi A% 74 [ {1 5]
HERf R ¥4 2 TF. Shallow ConvNet fEa =200, 8 =20
B, U AER R I T B A b K, 1820 T 6.5%. EEGNet
TEa =150, B =300, R AIAER F 5T H 4 i K, &

60 L itZ5ik Special Issue

BT 7.964%.
4.3 Dataset 2a SLIR4ERTEE

FEF AR LAHH trial-wise. cropped Fl# i) &
B A (overlapped) SRHE, F41X 3 Rl k5120 H
TR EH 5 FREHE M2 : Deep ConvNet.
Shallow ConvNet. Hybrid ConvNet. EEGNet fll EEG-
ResNet [, Ff i1 & HHAE DatasetQa%{TEé%ﬁﬁﬁ%iﬁ
& PR A 1 R SRS 2 e 3 BT . o, SR
overlapped MZhgr Hedwliia, B2 Hft 55 9 8 & 79 500
0. -

“Hi% 3 WLLE H, 7E Dataset 2a UR4E b, X T
Shallow ConvNet 1 EEGNet 1X B #17% 215144, overlapped
YRS 5 trial-wise YIZRFREE 1) 73 FEUETH FAHZE A
K, HER T cropped 125 1% . X Deep ConvNet.
Hybrid ConvNet f1 EEGResNet 3 Fi# 71, overlapped il
SRR 1) 3 S HER 235 1= T trial-wise F1 cropped VIl 25
M 1) 73 R UHERA 2.

AL @ BB AR o MBS EL, U FRA R
ol BZHUN overlapped I 25 5% B [ 14 B8 72 M. SEEGH
a% BN 500, 600 5 800, A% E A 100, 150 Y 200,
e 9 HB A A,

FHEE T cropped HEH%, 9 HAFE S A A over-
lapped SEB& N T 5 AN [R5 R 1 R0 HE B 32 (R 42 T T
FI - 10 .
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%3 Trial-wise. cropped 1 overlapped (500, 100) J7{£7E Dataset 2a H 45 _ERIIRBIERF R ELE (%)
Network Strategy Subject Average
1 2 3 4 5 6 7 8 9

Trial-wise 823 603 91.7 839 61 59.2 94 824 804 77.2

Shallow ConvNet Cropped 85.1 50.7  87.8 70.5 51 537 944 778 76.9 72

Overlapped 89 55.1 92 773 625 566 954 845 833 77.3

Trial-wise 68.7 309 783 495 314 328 737 774 802 58.1

Deep ConvNet Cropped 492 337 726 348 257 252 319 522 663 43.5

Overlapped 85 395 843 248 461 471 873 774 788 63.4

Trial-wise 50.8 322 513 394 334 339 494  46.1 45 424

Hybrid ConvNet Cropped 77.6 433 86.3 65.7 504 457 86.7 735 76.2 67.2

Overlapped 809 448 815 598 455 39 86.5 79.1, 3.5 65.6

Trial-wise 754 568 934 658 511 487 895 827 865 72.2

EEGNet Cropped 812 435 834 679 481 498 751 7713 79 67.3

Overlapped 852 535 896 688 57.6 1513 90 798 794 72.8

Trial-wise 662 381 692 411 345 358 591 659 607 523

EEGResNet Cropped 755 382 794 446 387 488 754 752 659 60.2

Overlapped 755  39.1 768 « 487 403 448 802 134 666 60.6

25 ¢ ~ Shallow = Deep + Hybrid « EEGNet -« EEGResNet 4.4 Dataset 2b igﬁéﬁ%i SEE

)
S

)

PR AR T T 20 (%)

)
[500,100][500,150][500,200][600,100][600,150][600,200]{800,100][800,150][800,200]

K] 10 7t Dataset 2a I+ 9 ZH 44 & 1 overlapped Sl 1R
AERZSEF E 2 LI A

MIE 10 7] PLE H, B Hybrid ConvNet F1 EEGResNet

fEa = 500, B = 200f1a = 600, 8 = 2905@72%&%?%2%,
overlapped 1) %20 S35 B0 R 2 354 cropped
(73R 590 HE T 2 45 RO eh P 10 BT Y, B B1A
(386 0, BP 2 B iR RIS 20 96k 2b, overlapped 5 M 3
I HE B AR T 4 LB TE B K. Shallow ConvNet Al
EEGResNet fEa = 800, 8 = 1005, 1R 5 #E# R T+
Sk, AR T 5.826% 1 2.65%. Deep Conv-
Net £ EEGNet £ = 600, 8= 100}, 15 51 YA R 42 T+
HA R, /3 5iEE] T 23.461% 1 5.887%. B kAT
DL, FTAR A B2 F A RIS AR 388 Sok AN B 1 2, 7T 45 31 A
& A AR ) o R B2 B, 3R A3 3 A v 1 R T
2.

[[#f, 7£ Dataset 2b (#E £ >R H cropped
overlapped PRI TRIG I 25 5 FliR B4 2841 15:.5))
F A 32 I AR B R e 2 a0 R 4 fis. H
i, SEBG Y overlapped 455 75 F Kla, BB N
& 500 F1100.

B 4 7T LLE H, 7 Dataset 2b H4l4E |, trial-
wise Y| Zx K ME L Shallow ConvNet. Deep ConvNet Fl
EEGNet 3 & b HU 1S 58 4F (19 70 R UER 2, cropped
YIRS /E EEGResNet *ﬁﬂiﬂ%@%ﬂ?ﬁ’ﬂ%%@ﬁﬁ
K, overlapped Il £ 5l 7E Hybrid‘;Co.nvNet A | B
19 58 47 1 43 S

K 2y 3R 4 IS R DU, B
%R-overlapped 77VE AR B [FII L trial-wise Fil cropped 77
VR Z TR BIER R, {H 5, KA student-test J7 itk
TR BERS 6:, 7F Dataset 2a F Dataset 2b Z(#E£E F 1)
5 AR, oiverlapped /7 ¥ S BELL trial-wise B
cropped 771 W3 FRTHRAIAER % (p<0.05 8L p<0.01).
SEBR b, BEXF EEG 5 5 B TAL BRI F2, 7EAN R 4k 46
FIA R G R 2SR R | trial-wsie 775 H T HEA
HR/D, HIE AT A R A B AR 4R (W0 Dataset 1 4
P42 Shallow ConvNet #:4!). Cropped 7774 RS 7R kb
FEARAS & FURRAE 4 P v sl A, BRI BE IS A AR
R B BB BB L (40 Dataset 2a/2b A5 4N
Hybrid ConvNet/EEGResNet 15 8). A [F] T~ # # A 1&
I O G B E i S AN Y S i S 45 ST LUE Y,
overlapped 777 BEW [R] I il & Bl AU ECR . B
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GOOEAE PN STE Rt E SAL B A
B 2 A T35 B AR S OB 1151 o, K

overlapped 5 2 B8 1 Bl K 1 BT T £ b 4R AR 7Y 1)
M, PRAIEIS B A8 AR HER 2 (1) R8T

4  Trial-wise. cropped il overlapped (500, 100) J5¥£7E Dataset 2b 4 45 _E IR A 2R LEER (%)

Subject

Network Strategy 1 3 3 3 5 ; 7 3 5 Average
Trial-wise 726 693 798 972 957 844 854 893 848 84.3
Shallow ConvNet Cropped 71 56 639 934 889 823 771 89.8 769 71.7
Overlapped 76.2 65 725 96.8  95.1 87.6 839 90.7 788 83
Trial-wise 71.1 78.8  85.1 975 976 842 902 935 826 85.6
Deep ConvNet Cropped 61.6 549 643 938 588 523 50 734 688 64.2
Overlapped 723 609 696 952 86.6 825 799 90 78.2 79.5
Trial-wise 59.6 543 558 707 68.6 61 619 709\ 63.4 62.9
Hybrid ConvNet Cropped 735 559 666 902 924 87 1756 .90 778 78.3
Overlapped 724 612 707 951 92.6 L824 741 88.1 77.3 79.3
Trial-wise 745 699 862 972 9371 877 92 91.7 843 86.4
EEGNet Cropped 73.8 567 646 932 819 88 728 915 73 77
Overlapped 717 628 759 97.1 97.1 859 869 90.7 828 84.1
Trial-wise 73 575  66.8 944 931 758 762 858 755 77.6
EEGResNet Cropped 744 638 725 965 932 787 78 9.4  77.1 80.5
Overlapped 73.6 587 663  95.1 912  76.1 82.1 883 738 78.4

7 Dataset 2b 548 44 |, #0501 g 500+
600 1% 800, B&E‘?\j 100 150 5 200, 3L/=4 9 15
M 4E, HET cropped g, 9 HAR S HHEH
overlapped TRHE R T 5 FhAS [F AR T f0 1R 7 HE A 2R 1Y)
I E e 11 fros.

25 ¢

+ Shallow = Deep + Hybrid « EEGNet « EEGResNet
20
g
==
&
-
m 10 A
o ¥
g 4 R " e T -
: S T __ e« ~2
:ﬁ\j 5 = & r o
= b’ IS " c
=
0 o
5 \ L

[500,100][500,150][500,200][600,100][600,150][600,200][800,100][800,150][800,200]

B 11 1E Dataset 2b I~ 9 ZHZ404H & 1) overlapped HHg (1)

PUNHER A5 THE 20 PR B

MEE 11 AT LAE H, overlapped Il 2k SEB& £ Shallow
ConvNet. Deep ConvNet 1 EEGNet 3 F5 1] 15 5
AR RS2 T B 2 Ee . B BAR R N, BN 2 it
(8] 73-982b, overlapped ZRM& R A HERA R EE T+ H 4 L
W 7E [ {%. Shallow ConvNet. Deep ConvNet
EEGNet fEa = 800, 8 = 1000}, I 5 R R T E 2 b

62 HifZ5ik Special Issue

B, P HIEET 7.101% 21.965% Al 9.335%. Hybrid
ConvNet fEa = 600, 8 = 2000, 1R A HERH R T 20 bb
K, 53] T 1.423%. %+ EEGResNet, 9 Fi 5404 &
B, X a =800, 8 =200k}, overlapped i B fJ I 5 1
WA H R

2R UL EAE 3 AN AR LR 3 FhAS R I ZREmg
S 56 45 B3 M1, T Dataset 1. 2a F1 2b ##E4E i 4F
MFEAR B EARE 7 3 64, 22 %mg,\'ftﬁ)ﬂ DEIGILERPYS
P, Dataset 2b B4 4 1% B 252/ T Dataset
1 Al 2a f, BGLI R TeDatasct 1 I 2a KR4k, 7638 5
iR (W1 Shallow ConvNet 478 1, trial-wise £l
overlapped VIl 25 520 (1 R BIE BEAR 22 A K, 3B F) 8 4
HRHIBALET, overlapped Il 25 S T AL 1) g S AE A B
RIS IAREL H SRk, % F Dataset 2b HdE 45, H AR
EARGAK, FrULEfR AR B trial-wise Y1255
WS PR R R S A, X T B A A bl T A = ) PR,
overlapped Il Zk 3R BE 4L cropped Il 25 SRl IR AN K.

SEBR b, B R BRI AR Bk, 1T 2R S TR
T B ACEE, (AT IRAT Y B 2 A A 52 1 ML ) 40
KT {E, &0 Hybrid ConvNet 1 EEGResNet, A K
overlapped Il 25 & B8 (R UE S a1 (1 & B 18, JF HokE
% trial-wise Y| 5 SR ME 7 SR (1) HL 5 ] .
4.5 BHEIEFEXILE

AL SLEGIRAC K T AR I AN [R] )1 25 S
I A AR BT A6 2 B ) 8], BLR T overlapped SRS 7E
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IR TEUF 1) o> KRR M [RI, HCEHA] S 44 5 cropped
SR P B T] A2 25% JB2 PR o0 LA 0.

A Dataset 2a Z#E£E 1 Subject 1 FIZHE i, 5 Fh
AR ALLE N cropped SRBE AN ] overlapped I
9 FZHME (55 4.3 WHHSHAEHE) HHLT,
SRR I ZRE AR BT T B ) G0 36 S BT,

B 5 ] LUE H, of 1A I3 m#R 2 F 20T 3511
SRAE AR [A] D, R4 overlapped 1) 43 5 m% A 0 (8),

VIS i S = 1+ L S Ao A BAL I 8 AT U,

WAFEAREA Z, I FECNZR A& A AR . WK S
FRIE T R B, 18 overlapped KM ) Shallow ConvNet
HIE I ZRIEAR KT (8] 3520 T cropped 5RB& 1), 154 Deep
ConvNet fl EEGNet, 3 9 #iZ#(4H & overlapped
W& 23 2 PERE XS I T cropped SElE, T LE4 & 71
YIRS 8] /D T cropped SRS . 31X AT DL AH
overlapped W% 1] 7 FVE BE I LF IR FEAS 5 B [B) 52 4% 5
) T I 52 PR 8 B B M O &R, AT IE e S DA IR BB
17 52 4% BEAIG FL 4 A i (1 S 4L

&5  Cropped ‘5 overlapped S R T 5 B A )1 24 R Il ZRade TR A6 21 ) e IR Hﬁ (s)

Strategy Shallow ConvNet  Deep ConvNet Hybrid ConvNet EEGNet EEGResNet

Cropped 4.45 341 .51 1.72 344
Overlapped [500, 100] -1.34 +1.47 4 +3.49 +0.19 +16.61
Overlapped [500, 150] —223 —-0.04 +1.30 —-0.40 +1.76
Overlapped [500, 200] =2.66 —-0.75 +0.21 —0.69 —4.83
Overlapped [600, 100] i -0.73 +1.26 +4.40 +0.10 +16.87
Overlapped [600, 150] ' -1.96 —-0.13 +1.57 —0.47 —0.38
Overlapped [600, 200] ' —2.45 —0.81 +0.23 —-0.77 -8.39
Overlapped [800, 100] -1.12 +0.30 +3.99 —-0.04 +8.88
Overlapped [800, 150] -2.04 -1.65 +1.54 —0.46 -2.70
Overlapped [800, 200] —2.98 —2.26 —0.52 —0.90 -12.10

5 diwHRE

ARSCHR T T AL A B S N TR FR )N 5 SR
DATSOE R P 42 X 45 AE 32 B A B EEG {5 5 B R J
HTERE.

H e, ARSCRTE T OE B A Y)Y 2R R g I
BTt T AT B0 K BR BOR TR AR 25 T E . HLk, FE
Competition IV Dataset 1. 2a 1 2b (4t £ I 7 il g 37

i F trial-wise. cropped il overlapped HHS ) 5 FHER

FE PR P28 BT, H SR 65 SRR W), overlapped B
cropped S W& A 5 4 1) 1R 1) 12 e “Xﬂ‘fﬁﬂ% i 5 Pk
R, 7F Dataset 1. 2a 1 2b B4l 45 L 5% i 70 FSHE R R 4y
FIEE] 91.3%. 778% Fl 86.4%. ), iBid % over-
lapped B& [Fa M BAE, Wit T 9 HAR KIS EH A
G3 FEVE RN [A) 52 % B2 1A ) LG S B, SR B8 36 B, AN [T 1Y)
a M BB & 5o s 41 oy e, Hor 2R PERE
UFIRFEAS 5 ) 8] 52 5 P 1 e K 2 P o (R 2 1 G &R,
AT AR A [F) A A, 38 AN B B o R0 B Rk B i [R] 5
IR HAr BRI I S B & AE S ge X T
overlapped H#H& ] 5 B A, 7F Dataset 1. 2a il 2b %§
Ptk b 7 FMER R S MIEE] T 92.3%. 77.8% M
86.3%. APl TARISUE T 55 I (B U J SR AE MI-

BCI H EEG 15 S AT 55 Hh (104 2k, AT ke it
MI-BCI [ 3 F $2 g 75 v /g B2

A5 J A 30 5 I AR B o 8 T 45 &6 g DA T
WS, I S IR ) o i S At AR £k SR i 4
Sy, WBENLIE B B Fr, K AN R ) 28 8 U1
N FI 2 PATII AR, dlE— P 3Tt ia B B R BEG (55

i fe.

SE 30
Wolpaw JR, Birbaumer N, Heetderks WIJ, et al. Brain-

computer interface technology: A review of the 1st

—_

international meeting. IEEE Transactions on Rehabilitation
Engineering, 2000, 8(2): 164—-173. [doi: 10.1109/TRE.2000.
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2 Shende PM, Jabade VS. Literature review of brain computer
interface (BCI) using electroencephalogram signal. 2015
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3 Oralhan Z. A new paradigm for region-based P300 speller in
brain computer IEEE Access, 2019, 7:
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