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Analysis and intention recognition of motor imagery EEG signals based
on multi-feature convolutional neural network

He Qun, Shao Dandan, Wang Yuwen, Zhang Yuanyuan, Xie Ping

(Key Laboratory of Measurement Technology and Instrumentation of Hebei Province, Institute of

Electric Engineering, Yanshan University, Qinhuangdao 066004, China)

Abstract : In order to accurately extract the optimal time period and frequency band features of individual motor imagery EEG signals and
effectively improve its classification accuracy, combining convolutional neural network and integrated classification method, a new multi-
feature convolutional neural network ( MFCNN) algorithm is proposed to classify and identify motor imagery EEG signals. Firstly, the
EEG signal is preprocessed, then the original signal, energy feature, power spectrum feature and fusion feature are inputted into the
convolutional neural network to obtain their respective training models. Finally, the final classification result is obtained with the weighted
voting based integrated classification method. The experiment analysis of the proposed method was carried out using the 2008 BCI
competition Datasets 2b dataset and the actually measured data. The results show that the proposed MFCNN method can effectively
improve the recognition rate of motor imagery. The average classification accuracy and average Kappa value of all the subjects in the
experiment are 78.6% and 0.57, respectively. The proposed method provides a new idea and solution for the application of motor
imagery brain-computer interface.
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Fig.1 The experiment paradigms of the competition data
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Fig.2 The experiment paradigm of the actually measured data
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Table 1 The classification accuracies of different convolution

kernels and pooling kernels (%)
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L= [j‘;: X 11:? [/LILOT) ji [{ILST) ji [fOT)j;}
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[4x1] 71.23 74. 86 71. 06 73.20
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[8x1] 70. 88 73.10 69. 96 73.24
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Table 2 Training parameter setting

3 XBERSLMW

3.1 4FERRERITLL
Y BAEAR ST 1 WA O B AR SO 000 S
A0S BT AT TR A3 AT, 6 O [R) 7 125 A0 T A 4 ik
W3R 3 PR 1 4 FhO5E S RIS AR S BE R ARE
TR (RlB FFAEJ A R 7 J2 CNN B A, e
i Softmax Jr2Eat i 1 HP R0, Hoh RS R kT8 1Y
SRR RS RE R RRIE LR I R R IR Rl B J5 AL 5
JiE S K HT 3 FRAE S Bl A B CNN, d5 )i 3 i 46
Sy T B A S A R AR SO R SR AR T s S Bk
fils B30T AhARHEAE A CNN %A
*3 AREFAENER
Table 3 Description of different methods

YIRS WAGS V=t
=X il Jrk 1 R TES - - - Softmax
N ZRIEARUEL 50

IR A 20 ik - fet - - Softmax
5] % 0.01 ik 3 - - Y% - Softmax
TG PR ReLU Tk 4 - - - flf  Softmax

Ak BEALASEE T 4 (SGD) IS iR fES [z IS, - L

P 2 R K Bri 2z (12) A3 BIRES fEw Uk mvg BRI

2.6 EMNE 6 [IT7R 6 Rl 27k I 2 (1T 9 4 %21

A I 25 7 A 485 80 (1) 8 0 4326 T S
A= [Al ’Az’"' 9AM:| ﬂ']ﬂiﬁﬁflﬂ?
wizAi/iw:Ai i=1,2,.M (4)
TEAE R4 2 v 5 0 40 2K 2% 1 10 4 2 1 W 3% A6 T
0.5, | 2RI A 4 K 0 40 000, SO FR TR T R -
0, A <05
w; = L
{wi, A, > 0.5
BSEAT M AR BE 4508 C(i=1,2, M) |
FEA A PR BT 2 2558 C.(n) ,n ol AE i
BEAB, SR LE TN C(n) A -
C(n) =f(C,(n),Cy(n),,Co(n) 0,05, wy)
(6)
ﬁ*nm%@@)%ﬂEJﬁﬁZ=lJ%$&ﬂmo
O ELER LIy - (B S 50 2 T AT b A4

KU IREER N T WA LADRDER B Y 0 >

=12, M (5)

Z o, MNP R E R AR R T8 8, BN
fiFiash, AP M =4,

HIRTEFEEE 5 3 24 2R E R T I ) TAERR
fiF {128 ( receiver operating characteristic curve, ROC) DL &
ROC 12k F 12 (area under the ROC curve, AUC) ,AUC
ORIy e, BOE L 18] 6 W] LAXT 6 Fhy ik
1953 VEREHEAT A ROFAL . BT 58 PRI AT 20,
P, X HET 3 Fh5 kg AUC B, 7T LUE Y, 7RSS 3,47,
8 ZZAF T, Ik 1 Y AUC ERGTESS 2.9 Z2iA#
o7 2 1Y AUC fEERORG FEES 1.5.6 #4213, T ik
31y AUC fEfR K. ATLUE H, B— 5 A G 5 IR A fg

T4 2 ANE W RV RE IR BRI, FERS LU 4 FhOT 12,
TE45 2.5.8.9 #3218 # h, Irik 4 19 AUC i fe ok, 9]
f7 B Rl A JF AN R ) Wl 4 LA R M e . FEXT L U i
1.2.3.5 AULEES S FIE 7 4323808, Ok 5 19 AUC {5
ANFRAR R, VB AR O3 26 00 7 A o — g A 7, Hogy
KrEREA TR A& . XX 6 By, AR T4
5.7.8 Z3AF A, AR AUC {EfROR, T 5 1E
98 B, H AUC HE K, 7255 3.4.7.9 2
HHEARICT % AUC EAHTE, /T DU Y, AR ST A 1
HAb 7, Hoor 2R VEREA W38 i 4 o B S s ik
A3 534, 1 TSI 1 B B AN M S PR, SR RICR:
B2 o AHMIXSRUL, 7255 10 %4 2 i, AR SCT7IE



514 (N RS o 2 N 1 o A U2

0912 S ARG N L A5 5 o A R 143

AUC 5775 4 BV AE 5 11 44 238, AR S07
AR AUC 5778k 5 IF9R R 124 12 43213 A

SCTERY AUC (HEALSHS 3 (H 5K AUC 22K,
A WA SO AN A B R ek RE

S2 S3
10 v 1.0
~ -t
.~‘ ==
. 0.8F )
" 5 o
et . -—‘> EOG' I ” /
& T e FEIAUC-0.78) L 7 JEIAUC=0.58) - FFEI(AUC=0.64)
WKOA / - J7{2(AUC=0.76) WOA - FH2AAUC=064) R et o7 e FiE2(AUC=0.57)
3 -=- JTE3(AUC=0.84) ~=-F¥E3(AUC=0.63) -=-J7¥3(AUC=0.58)
02 —- FIH4(AUC=0.83) 02F M —--JIEA(AUC=0.64) —-- JTHEA(AUC=0.62)
~~~~~ JFiES(AUC=0.85) £ e S (AUC=0.64) 3 e FEES(AUC=0.65)
ok ) | ATIRAUC0.85) 0 . | T EXTIEAUC065) 0 ) | T EXTEAUCO65)
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
FERES RS RIERE %
(a) B1EZRE (b) 2 ZRE (0) BIBZRE

(a) The 1* subject

(b) The 2™ subject

(c) The 3 subject

7 e FEE(AUC=1.00)
e JFHE2(AUC=0.99)
—=- FH3(AUC=0.99)
—-- JF¥R4(AUC=0.99)

J7E5(AUC=1.00)

— AT HE(AUC=1.00)

S— 1 )

pointlogs

. "’ﬁiﬁl(AUC-OW)

- JT1R2(AUC=0.84)

—=- J{#3(AUC=0.93)

= HE4(AUC=0.92)

FES5(AUC=0.93)
—zsjc??vi(AIUC—o_gJ.)l

7 - FEE(AUC=0.62)
FiE2(AUC=0.71)
==+ J7¥%3(AUC=0.98)
- FHE4(AUC=0.98)
FES(AUC=0.94)
—_ zsI??Vi(AIUC—o ),

0.2 0.6 0.8 1.0 . 0.6 0.8 1.0 0.6 0.8 1.0
fRIEMEER RIEHE % {EEtﬁﬁ
(d) 4B ZRHE (e) 5L ZRE (h SBosZikE
s7 (d) The 4™ subject (e) The 5™ subject 9 (f) The 6™ subject
Ny .
e 04FF e i1 AUC-0 89) e iauC-098)
=S e JHE2(AUC=0.82) o JER2(AUC=0.97)
g -= JFHE3(AUC=081) 7’i¥£:(AUC 0.95)
02 —-- JFHEA(AUC=0.84) HEA(AUC=0.97)
A Jr¥E5(AUC=0.88) J73:5(AUC=0.98) J77ES(AUC=0.95)
i . | T AMOIIAAUC0388) . | TTAROIEAUC=097) . KT ¥E(AUC=0.95)
0 0.2 0.4 0.6 0.8 1.0 0 02 4 0.6 0.8 1.0 0 02 4 0.6 0.8 1.0
RIEHEZE EIE#%& {EIE#%$
(2) BTHBZRE (h) SE8HZZWRHE OF £2:4:3- %1
th th 1 3 th 3
310 (g) The 7™ subject S11 (h) The 8" subject S12 (i) The 9™ subject
1.0F 10 e 1.0
08 08F 0.8F
oL ol ool
ﬁ 0.6 . EOAG EOAG
—w- JTHEI(AUC=0.59 L — - FIEI(AUC=0.59
w04 Faucoen 04 E2(AUC=0.57) e i P Fiauc09
---ﬁ&?(AUC 0.60) -—- FE3(AUC=0.60) - JE3(AUC=0.64)
02 —- FHEHAUC=0.65) 02 =+ JIIE4HAUC=0.58) 02F.: —-- JHE4(AUC=0.60)
AP e TTHES(AUC=0.64) fe e JIEES(AUC=0.61) L JIEES(AUC=0.65)
0 k ) ) —?Iﬁ&(quc#x.&s)l 0 - ) ) — K)U‘J‘}‘?EEAUC#).\SII) By ) ) —ZK)U‘J‘;‘;E(AIUC:U.63)|
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
BIERESE BRIERER BRIERER
() 1082 ZW-H (k) BB BZRE () 12 ZRE
(j) The 10™ subject (k) The 11™ subject (1) The 12" subject
Fl 6 12 2432 1E 6 FASIR] 77 i AT 32446 iUy ROC £k (S1~S12)

Fig.6 The ROC curves generated in th

e classification of test sets for twelve subjects

with six different methods (S1~S12)

A PRN 12 2 ZETE 6 BTk T2
IERRA X LUHT 3 ROk IR, 5k 3 HoA el i oy 2k
fE, HFH 70 RIERG R 0T 3K 74. 1% , 7556 10 2 B9340
FRIEWR AR 71 7% (AJ595 1 (IR2EH 15. 4, 3H 7
52 REVEAIXIAR B o XFH ik 1.2.3.5, AT LUk
BITHE S B RIER RN 74. 8% , 8 TR 3 Tk,
LR P 2R TT i3 T R AR 8RR . T7ik
4 BARBLREW] B P TH AR 22 Y R o R AE R R, H

B 17y

FHEC AR A 107 15 9 2 70 R IE B R IR 3 1
76. 4% , HI5HkE 3 BP0 R IERRETE T 2.3% , HeTs
55 WP B ZEIERE 1. 6% UL ik 4 MLk 5, il
AR Z (] I BURAE R4S T 2 X0 A 4 IR
HIZE 4 TR, AR SO A -3 70 RIER 5 78. 6% , & T
Fofy S A7, Ui WIAESE B S P AR S AR I, 32055
TGP IRV RE, 0 KRG R UG T A SCr
TEAESEFRAAE AN S I Bt b AR R A A v
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Table 4 The classification accuracies of six methods and Kappa value of the proposed method
. IE# /% ES @ipei]
R Jrik ik 2 Jiik 3 Jiik 4 Jrik s ARITT Kappa i
14 71.9 67.5 69. 1 77.2 70.9 74.4 0. 49
24 58.6 61.8 61.8 62. 1 62.9 63.2 0.26
H34 63.4 58.8 57.5 60. 6 60.9 63. 1 0.26
%44 97.2 96.3 94. 4 96.6 97.8 97.5 0.95
HES4 60.3 64.7 91.3 92.8 75.6 93.4 0.87
64 80.9 76.9 87.2 85.6 87.5 87.5 0.75
T4 82.8 76.3 74.4 79.1 80.0 82.2 0. 64
84 93.1 91.9 89.4 92.8 93.1 93.8 0. 88
94 83.4 85.9 82.2 86.9 87.5 90.0 0. 80
%10 44 59.2 62.5 59.2 63.3 65.0 70.0 0. 40
114 50.0 57.5 58.3 59.2 55.8 61.7 0.23
124 59.2 60. 8 64.2 60.0 60. 8 66.7 0.33
SEAAH 71.7+14.7 71.7£12.9 74.1£13.5 76.4x£14.0 74.8+13.6 78.6+13.0 0.57

FAb, SR PR Friedman 4656 56 UE A SC7 % B s
PRI HAl 5 B 07 v Br AR UM R A A B 2 %
Friedman #5007 153 p (W3 5 fros. Wik S \TLE
AT p (HI/NT 0,05, 53X R fE 20 72 B TEKF
0. 05 FYTEBL T , ARSI AR T HAL I L i HEfE s B
Ao FE X,

£S5 RXHHESHMHT KR Fricdman RBHTE p {8
Table 5 The p values obtained in Friedman test for the
proposed method and other methods

RS Jrik 1 Jrik2 Jrik3 rk4 ks

ASCHE 0.0209  0.0005  0.0005 0.0039 0.006 7

3.2 HHMxEAETLE

N T BB ISUEAR SO RO X L T A
AHTFVECHE A 1 SCHR (4 73 28 IE 5 32 R0 Kappa {HAN3R 6.7 Jir
TN TESCHR[16] v, #g # T JHEF CNN FilME & F 4 5 4%
(stacked auto-encoder, SAE) ) 9 )2 4FHE $E HUAE 2R, 31 5
CNN J5¥E3EAT 1 X8 He 0 A, SEBRAIE B 1 B $2 07 ¥ i AT 3L
PESTESCHIRL 17 ] 420 T — BT R AL BRAE SR, e M HESE
A ARZS [ AT T A, O FLE k4 i A Bk B
AREA 8 KIGTEA R AR T BB & 328, SCrb it 5 55
AN FE R 5 5 51) 19 25 AR 1F o X6 A 25 (R B PR B A T4
T, 30 H A X PR, RS 13807 1 53 28808 5
AR 1S ] ey, B b — ol il P 368 30 -0 R AU 0 22 30 T R 15
FEAE A2 Sl AR G H 70 BT 7 VR SR, IS T B R TR
2558 SCHRL 18] 2 2008 4F BCI Sa 85l 42 fir I 7 vk .

FEF 6 W, WA IR AR A F E HEA TR HE X T2 5
6.7.9 £ ZIRE ARSI — R AT TR 2 4
ZARE MY HADZ IR, A SOOI AR A A A R ALK
FH A SCRR P A A e BEAN , AR ST YA RS Y 4 2
IEAf R R 82. 8% , vy T HiAlh STk 77 1%, HL EG LAl Sk rh 5
1 T 2 IE R 28 80. 2% =i T 2. 6%

K6 ANFEEEMA RS LEMREILL

Table 6 Comparison of the classification accuracy for the

proposed method and other methods (%)

Zil#H SCHR(15] Scik(16]  Sck(17] AU
144 71.6 78. 1 68.9 74.4
24 64.3 63.1 65.3 63.2
¥ 34 58.4 60. 6 63.9 63.1
%44 97.5 95.6 97.7 97.5
#5544 88.4 78. 1 91.6 93.4
%6 4 82.5 73.8 74.0 87.5
%74 80.0 70.0 81.0 82.1
8 44 92.5 71.3 94.8 93.8
94 85.9 85.0 84.9 90
SEI(E 80. 1 75.1 80.2 82.8

e 7 Fros, X R T AR SOr 5 HAB SCRR O 1 B9
Kappa 5, % TEREE 2.3 .8 4 3210 F S HAl 2108, A
SCITEAT — LS WX T4 3 T8 8 44 321K% , AR SC0r
LT Kappa {8 R AACK T HABSCHR B R T 03
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i FE A BT AR AE S AR 42 100 i 1) 128 3 A8 G P A5 23 A B o AU 145

Hb ARSI 011 Kappa {524 0. 66, Lt 2008 4F BCI 3
FEREZR 0.6 @& T 0.06, H HABSCHEk R E 9 0. 62 5
HT0.04, i ad S350 25 IE# R Al Kappa {H 10X H 43

#r, dE—
=7

AR T AR SO A
ANFESEMFERK Kappa EXTLL

Table 7 Comparison of the maximal Kappa value for the

proposed method and other methods

S2IHE SCHRCIST  SCRRC17] SCik[ 18] RSOk
B4 0.48 0.39 0.4 0.49
W24 0.29 0.31 0.21 0.26
H34 0.19 0.28 0.22 0.26
H4% 0.95 0.95 0.95 0.95
§5 4 0.78 0.83 0.86 0.87
56 % 0.65 0.48 0.61 0.75
B4 0. 60 0.62 0.55 0.64
4§84 0. 88 0.90 0.85 0.88
594 0.72 0.70 0.74 0. 80
4418 0.62 0.61 0. 60 0. 66
4 & ®
ZFIS‘EEHT FiJET MFCNN iz 34 EEG 55
SVUN M, Sk Tz s AR EEG (5 5 h i 2Tk
PRS2 BRI BRI B B TR M, ) 2 s 1 B —

F SRR CNN B3 28 U 3 . AR SO0 vk R 6 )

CNN FYBE ) PR T A 20 B 3l 28 £ A A e L i B A
PBURHIE , T2 MR AL 7 S IE B A 9 24 32 10 -1

AIEIEMREA T H BN, hETE 4 EEG (5
SR BCI W o #2485 T —FPBr Ao 8
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