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Motor imagery EEG classification and recognition based on differential entropy and

convolutional neural network

LIAN Xiaoqin"?, CAI Mohao"?, GAO Chao"? LUO Zhihong"?, WU Yelan"?

1. School of Artificial Intelligence, Beijing Technology and Business University, Beijing 100048, China; 2. Key Laboratory of Industrial

Internet and Big Data, China National Light Industry, Beijing Technology and Business University, Beijing 100048, China

Abstract: To address the problem of low accuracy in multi-classification recognition of motor imagery electroencephalogram
(EEG) signals, a recognition method is proposed based on differential entropy and convolutional neural network for 4-class
classification of motor imagery. EEG signals are extracted into 4 frequency bands (Alpha, Beta, Theta, and Gamma) through
the filter, followed by the computation of differential entropy for each frequency band. According to the spatial characteristics
of brain electrodes, the data structure is reconstructed into three-dimensional EEG signal feature cube which is input into
convolutional neural network for 4-class classification. The method achieves an accuracy of 95.88% on the BCI Competition
IV-2a public dataset. Additionally, a 4-class classification motor imagery dataset is established in the laboratory for the same

processing, and an accuracy of 94.50% is obtained. The test results demonstrate that the proposed method exhibits superior

recognition performance.

Keywords: motor imagery EEG signal; convolutional neural network; differential entropy; feature extraction
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FFAE , I F SVM X BCI 2003 2 FF 4 2 ik 47 22 47
T o3 2 BUN TR A ] 82.86%. X E AR iE
o RS U8 B g 2 A 23 A 42 2K (Filter Bank
Common Sptial Pattern, FBCSP) % BCI Competition
IV-2a 2> FF s 45 2 WURFAE | 38 o wr - #EO0 AL 3k
5 SVM M4 &, T £ F A F T B E L5y
FVUINE ST, HER 45 F) 76.81%.
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PTG FL A S AT YR . CNN I Jmy S Jek 32 B FIAY
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CNN 5148 CSP H 1454 , 76 BCI1 2005 1V -a 32 T8 4L
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T 10 FL AT 5 181 28 1R 0 40 2 8 AR — 1 K
LU, Zh S5 DE 50 T8 U BT I 2R
# , JF 75 DEAP 2~ JF $ 4 4 b — 20 28 U0 35 )
88.69% MYERH 4, Chen 55T DE 454 2k M) 3|
I3 HTARBURRE , (5 F SVM R =43 2575 25 1R 501 $hc s 4
PEAT 25 R R 5 82.5%, ITAE R A 2 s
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Figure 1 BCI Competition IV—-2a electrode distribution
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Figure 2 EMOTIV EPOC Flex electrode distribution
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Ji 2,0 1) 255 (A8 7~ A0 €838 1 HP 68 1) 0 B 0
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MR DL =4 PR IE 3R . DAt Is &, 25 i3 fing
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AR T Delta 41 B 512 s A G BRI, Bk
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A Z CNN HEATIA 25, BIn] 3545 5 BRI AR
AIIIACR . 2 B BURBIRERAEIE N 9x9x4x L xN,
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RAE BB NICREEA S

EWIEELTIS S e
Table 1 Classification of EEG frequency bands

HBE AR FEl/Hz RIS

Delta 0.5-4.0 5 1o E RN 5

Theta 4-8 T TR A IR I7IRES

Alpha 8-12 TEE T B TR B AT IRR S

Beta 12-30 W IR R SRR RS

Gamma 30-50 T A LB B SRR S
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DE S A e 5 BB 1E 36 505 B 0 5,
1T 53 e 555 T 4 £ A B R0 5
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5 AR T AR, e o K i AL A B A
Bl . DERHIER FUATHH 500

W(T) = -[ 1 (0)10g,, (1 (1)) dr (3)

Xt T A E A N (w, 0®) OIS 5 T, 2 DE
A E S
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ST DB T3 WO AR R A0 N A S
ST BRI O T 4R oz sl AR g il L £
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HEAT N, I LA 38 SR UE VA AR S 33005 B i Al
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RO, 43 0 28 TE R 45 AN 6 & [ A oHE 4 X
AL AT M RE N K 5 A A, I 40 il G M R R N
Kappa R 51E NS5t . Hoip s R e iR
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Figure 4 Continuous convolutional neural network structure
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4210 NFHFEERBERS DN ASTHEATFEIE
£ L Tl IF R B 45 | 5 CSP+SVM™ |
FBCSP+SVM ., H i i i 45 CSP (ATFCSP)+CNN "/ |
TR E 2% > K8 19012 (CNN-LSTM) 2734 92 ik 47 %
o 325383735145 R 5235 75 CSP+SVM
FBCSP+SVM , ATFCSP+CNN . CNN-LSTM 5 7% 32

Y DE+CNN 45 5 o3 208 (19 D0 53 iz 2 AR 4
SRR A R ST 34 Kappa R4, 362,383 15
L, 55 At 4 BRI A b AR SCHE I SR R T 32K
B2 LIAN, Ay 8 44 2 1 4 R 1 R 1 1K 31 i
e, P el R 5 SRS T b S A 87, 3
Kappa Z 51551 0.92 , 4% 3C i # DE+CNN 5% 0] LA
A R B S AR U R & Kappa R 8. %A TF
B A A BN o A 22 1 2 2 2K S
15 S HERR R AL T 22 91.85% F193.40%

F2 RABEEND LXEHEKIRAERBE(%)

Table 2 Accuracy of 4—class classification for motor imagery in public dataset (%)

ZIREHS  CSPHSVM  FBCSP+SVM  ATFCSP+CNN  CNN-LSTM DE+CNN
1 74.50 78.85 86.88 91.56 98.84
2 55.28 60.42 78.09 93.02 91.85
3 80.10 80.50 90.19 91.08 98.24
4 53.65 57.48 75.64 88.02 93.05
5 50.08 56.04 74.88 87.53 93.40
6 48.82 4572 84.25 90.37 94.75
7 75.40 80.60 85.42 88.98 97.27
8 78.36 80.80 92.80 90.86 98.53
9 80.75 81.45 90.36 91.98 97.02
531 66.34+13.90  69.10£14.03 84.04+6.65 90.38+1.85 95.88+2.65

422 BEHEEXEERSSN ATH—-FRIE
AR SCHRE R B AT AT X T Emotiv it B R B2 1%
PR H EEE S VEAT AR R A9 A B R AT 2
P, [A] i} 5 CSP+SVM . FBCSP+SVM 1 il 8. vk 3k
Xt e R e R ang 4R, REA FSATH, A
SCHRE S R F B AR IS 94.50% T34
T % , Kappa R $0°0 0.89, 4 = F /& 42 i) CSP+SVM |
FBCSP+SVM 557k, U #AR 9 1000 25 2, 30 iE
ARSCFTHETT R A e o A2 DU 5 R UHER 2 L IE AR T
ISR AR D 50 = [ R ER A AN B
INF TR AR I REA AT G

5 4 &

AR 3 i %k 22 18 3 K AR S ATl E R R
— 2k 1) i F SR RS SRy A R A R R
W B2 [R)RFE 1 2o 4 BUIK B A 5 4 1 T 2B
(1) DE F#1iF 1 432 sh A0 5 EEG [ = 4ERRAE , I HLsi />
ot s, BEAR I A E R o 7R TR S A A
a1 R SE R R IAA SCHR AL BT B i il
I HERA AR D — 2P AR SCHR B Bk B —E Y
A RNE o AEARSCRYFERL L, a] RO N H A Y Ak
5 AT OO , 2 — 20 4 s s A AT 55 B3R
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Table 3 Kappa coefficient of 4—class classification for motor imagery in public dataset

ZikH g5 CSP+SVM  FBCSP+SVM  ATFCSP+CNN  CNN-LSTM DE+CNN

1 0.66 0.72 0.82 0.88 0.96
2 0.40 0.47 0.71 0.91 0.88
3 0.73 0.74 0.87 0.88 0.96
4 0.38 0.43 0.67 0.84 0.87
5 0.33 0.41 0.66 0.83 0.90
6 0.32 0.28 0.79 0.87 0.89
7 0.67 0.74 0.81 0.85 0.93
8 0.71 0.74 0.90 0.88 0.98
9 0.74 0.75 0.87 0.89 0.95
YiME 0.55+0.18 0.59+0.19 0.79+0.09 0.87 £0.03 0.92+0.04

*4 BEBEENS LXEHERIRANERE(%)
Table 4 Accuracy of 4—class classification for motor imagery
in self-built dataset (%)

ZikE g5 CSP+SVM  FBCSP+SVM DE+CNN

YERA L 5 R UM B8k 5 A i o 45 o) LA S B T ik
PLIZE A AL AS . AR Gt 2 i 0 T B2 A BIF 5 7 1]

Y

<5

1 52.56 58.83 96.96 [ &% k]

2 58.72 67.40 98.15 [1] Xu MP, He F, Jung TP, et al. Current challenges for the practical
application of electroencephalography-based brain-computer interfaces

3 57.21 66.32 86.13 [J]. Engineering, 2021, 7(12): 1710-1712.
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(6): 34-39.

5 47.97 60.98 98.21 Xu C, Zou DB. Development challenges and trends of brain-computer
interface [ J]. Artificial Intelligence, 2021(6): 34-39.
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8 63.28 75.28 89.36 (4] xlob, AR, AR, 5. 4T CSPL SVM ik #9153 48 £ i i
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Table 5 Kappa coefficient of 4—class classification for motor

imagery in self-built dataset

ZiXFHHS  CSP+SVM  FBCSP+SVM DE+CNN
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