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Motor imagery EEG classification algorithm based on feature fusion neural network
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Abstract: Motor imagery-based brain computer interface (MI-BCI) technology enables patients with movement disorders to
acquire a new ability to communicate with the outside world. However, when using convolutional neural network (CNN) for
MI electroencephalogram (EEG) classification, researchers often extract the features of the final convolutional layer and
ignore the large amount of available information in the middle layer, resulting in poor classification performance of MI-BCI.
To solve this problem, two kinds of feature fusion strategies, namely with-in model fusion-feature (WMFF) and cross model
fusion-feature (CMFF), are proposed. WMFF strategy extracts the features of each CNN layer separately for feature fusion;
while CMFF strategy integrates CNN and long short-term memory network and extracts the features of each layer. BCI
competition IV Datasets 2a is used to verify the proposed method, and the results show that the average accuracies of WMFF
and CMFF for 4-category MI EEG classification reach 76.19% and 80.46%, respectively, which indicates that the proposed
method can effectively improve the accuracy of MI EEG classification, and provide new ideas and methods for the
application of MI-BCI.
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Figure 2 With—in model fusion—feature (WMFF) network structure visualization

CMFF M2 fii 4 T CNN F1 LSTM P F A [i] fit
Ry 500 5 B () 2 4R AE, 40 8] 3 ff 7R . LSTM &
RNN A —FhAE 1A, [a] Bt 4% 7% T RNN B0 3, fE 1%
R LR WA IE € R Wy X 1 VRPN TRk VAR ATl
ST T TR R, KR $E S T LSTM AR BRI 75

SR M N Ia RS BT
0, =c(w,[h, ,X]+b,) (3)
c,=0,-C,. . +0,-C (4)
C, = tanh (@ [ h, ,,X,]+ b,) (5)
h,= 0, - tanh (C)) (6)

Hor, oft 3] cfRFiciz 8ot CRFETEH Y
ICIZH T h R i , o F tanh AR R 0E PR o
AR W AU R I b A O 8 B 5 AN TRI R T s 2
o fvm 3 IR TE] ] BT g2 T AnE
TCHRICA RS T 248

T 5 LSTM 45 iy iy AAH XTI , 75 CNN #5453

BBl T — 4SRRI — e B R, —4E
B Z R T ARG B, LSTM £ H T it 8] 52 51 5
Sk I LA S X RN R R S AR (S S
B . CMFF 15— &R 2 2 0 — e B A0, HAE
JETE T [B) 4E B2 X X, AT B TR, DN EEG Bl rh 42
HUA) Gt [R)REAE 5 25 3053 B —4E W] 53 S G AR A A,
A2 () 4 X RRAE [ 47 2 (R RRAE A $2 5 57 — %
43 FH LSTM ZH 1l , ot 45 B AR — 24 B8 305 -k A 7 sk [1) 4
JEALBE . CMFF [RlFEAE A T BN B R FIE- Ak, By
1EM 28T G

B— 5 B2 LSTM 2 BN )2 °F
Yt Ak 2 FRRAE 2 O 12D M 1, e iR )2 T T
FRIE P
22 IS

FEAE RGeS T AR T A e 2 SR ik
RIS e, i i RS S — A sl ks, A (S L



- 72 - H ] e

.

5539 %:

I 1) R
= rrrl —
|

LS
e

————
[

Mo

Ao EERE LSTME

) )

-
@

&3 CMFF M4ELE/ AT L
Figure 3 Cross model fusion—feature (CMFF) network structure visualization
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Table 3 Average accuracies and Kappa coefficients of WMFF and CMFF methods for different subjects
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Figure 5 Accuracies of different methods for the subjects in Datasets 2a
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