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Abstract Brain-computer Interface (BCI) technology based on motor imagery (MI) can establish
communication between the human brain and outside world. It has been widely used in medical
rehabilitation and other fields. Owing to the characteristics of the motor imagery EEG signals,such as
non-linear, non-stationary, and low signal-noise ratio, it is a huge challenge to classify motor imagery
EEG signals accurately. Hence., we propose a novel multiscale feature extraction and squeeze-
excitation model which is applied for the classification of motor imagery EEG signals. Firstly, the
proposed deep learning module, which is based on multiscale structure, automatically extracts time
domain features, frequency domain features and time-frequency domain features. Then, the residual
module and squeeze-excitation module are applied for feature fusion and selection, respectively.
Finally, fully connected network layers are used to classify motor imagery EEG signals. The proposed
model is evaluated on two public BCI competition datasets. The results show that the proposed model
can effectively improve the recognition performance of motor imagery EEG signals compared with the
existing several state-of-the-art models. The average accuracy on the two datasets is 78.0% and
82.5%, respectively. Moreover, the proposed model has higher application value because it classifies
motor imagery EEG signals efficiently without manual feature extraction when spatial information is

insufficient.
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Table 1
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T Bl RAS 0 g 0T M PR O i R AT A B R
WEMMESHREEILR 1PN,

Network Parameter Settings of the Proposed Model

x1 FNEHHMESHZE

Architecture Kernel/Pooling Size Feature Map Size Number of Kernel Ratio

Partl-1(convolution) 1X10(convolution) 500X 16 16
Partl-2(convolution) 1X45(convolution) 500X16 16
Part1-3(convolution) 1X65(convolution) 500X 16 16
Partl-4(convolution) 1 X 85(convolution) 500X 16 16
Part1-5(convolution) 1X180(convolution) 500X 16 16
Part1-6 (pooling) 1X100(pooling) 500X 16 16
Part2 1 X 6(convolution) 125X 64 64

Part3 125X 64 2

4.4 EHAEERR

AR AR 6 Foft B AR AT H X

1) CSP #8EHUT 3 4 B XoF i1 Ak 4 3 A 1 245 1)
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T3 1 R R AR 2 B8 B 0k HEA TR AR 1) 2 % L Jie s il
Gy B HEAT 432

3) MKELM #RBS Y ffi H 2 FioR 7] 25 5L P %
o P9 A% 0 22 33 5 P9 426 1 A BR 2 20 BIL O i 0
CSP FEAF W5 21 A [ A Al 2o v R AiE 25 1) o

4) Shallow ConvNets # % Fl Deep ConvNets

BRI 2 A R ity 3] ity b £ A S8l R AF 23 [R) R AE
()18 J2 FNIR J2 26 RS AR, 2% Ty ok 58 AR 2 TR 5 2%
] HEAT G AR S A AR 1 IR .

5) EEGNets f5 1 fifi H] % B 4 BLUR 0] 23
B R B — RUBE B 28 O 4% L i 1S B8 S /0N, e
SRR AT BT B A5 1 12 Ak RE ) R 0 M e

6) MSFBCNN &= —Fh iy 3 3520440 i CREAE
FEIUZ FRETAL 2 53282 TR 3 4 AR 28 ) 45,
4.5 SEAEEBWLE R

22PN T AR SRR 5 e R HERL AL AE BCI
TRV 2b B AR b A 4s JXT LY. S 6 3R W AR SO Y
DT e B M ASE A O 3 9 1 32 O A e Y. CSP AN

Table 2 The Performance Comparison of the State-of-the-Art Models on BCI cCompetition IV 2b
®2 ANEASEAEFENEBCIZEEN 20 SNSRI

Subject 1D CSP FBCSP MKELM EEGNets Shallow ConvNets  Proposed Model acc £ std (kappa)
S1 0.766 0.700 0.775 0.741 0.808 0.79340.007 (0.585)
S2 0.563 0.600 0.644 0.688 0.651 0.701£0.005 (0.40D)
S3 0.526 0.610 0.543 0.748 0.725 0.752£0.007 (0.502)
S4 0.989 0.975 0.993 0.958 0.936 0.95640.007 (0.911)
S5 0.836 0.928 0.846 0.759 0.899 0.90540.004 (0.808)
S6 0.671 0.810 0.695 0.738 0.812 0.846+0.007 (0.692)
S7 0.838 0.775 0.868 0.804 0.841 0.85140.006 (0.700)
S8 0.865 0.925 0.899 0.817 0.818 0.816+0.007 (0.634)
S9 0.819 0.875 0.837 0.786 0.799 0.804£0.006 (0.606)

mean 0.764 0.800 0.789 0.782 0.810 0.825+0.077 (0.650)

Note: Bold numbers indicate the best results.
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